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A B S T R A C T

SLAM is a fundamental capability for autonomous systems operating in unknown environments. Recent 3D 

Gaussian Splatting (3DGS)-based SLAM methods have demonstrated promising reconstruction quality and ren­

dering efficiency. However, existing approaches often suffer from insufficient geometric constraints, leading to 

redundant Gaussian representations and unstable localization, especially under monocular RGB input. To reduce 

geometric ambiguity during online 3DGS-based SLAM, we propose NA-SLAM, a unified normal-aware frame­

work for both RGB and RGB-D input modalities. NA-SLAM actively uses covariance-derived Gaussian normals 

as geometric cues through self-supervised normal regularization, rotation-guided keyframe management for im­

proved multi-view coverage, and normal-guided filtering of geometrically unreliable primitives. These coupled 

components coordinate geometric regularization, observation management, and Gaussian morphology without 

requiring ground-truth normals or an external normal-estimation network. Experiments on the TUM RGB-D and 

Replica datasets demonstrate that the proposed method improves localization accuracy and reconstruction qual­

ity compared with existing 3DGS-based SLAM approaches. Under RGB-only input, NA-SLAM reduces the average 

trajectory error by 42% compared with MonoGS while using significantly fewer Gaussian primitives for scene rep­

resentation. The proposed framework supports both RGB and RGB-D inputs and achieves competitive performance 

in dense SLAM and novel-view rendering tasks. 

1 . Introduction

Simultaneous Localization and Mapping (SLAM) plays an important 

role in robotics, augmented reality, and autonomous navigation sys­

tems [1–4]. Monocular SLAM is particularly attractive because it only 

requires low-cost RGB cameras and can be deployed on lightweight 

platforms. However, achieving accurate localization and dense scene 

reconstruction from monocular input remains challenging due to the 

absence of direct geometric measurements.

Traditional feature-based SLAM methods achieve reliable camera 

tracking through sparse feature matching and geometric optimization. 

However, these methods usually produce sparse or semi-dense maps 

and often struggle in texture-poor environments. Recent learning-based 

approaches and neural scene representations have improved dense re­

construction quality. In particular, Neural Radiance Fields (NeRFs) [5] 

provide high-quality rendering results but require expensive optimiza­

tion and are difficult to deploy in real-time SLAM systems.

Recently, 3D Gaussian Splatting (3DGS) [6,7] has emerged as an ef­

ficient scene representation for real-time rendering and reconstruction. 

Compared with NeRF-based methods, 3DGS provides faster rendering 

and lower optimization overhead, making it suitable for online SLAM 

systems. Several recent studies [8–11] have incorporated 3DGS into 

SLAM frameworks and demonstrated promising reconstruction quality. 

Among them, MonoGS enables monocular SLAM without explicit depth 

priors by initializing Gaussian primitives from multi-view observations.

Despite these advantages, existing 3DGS-based SLAM methods still 

suffer from geometric ambiguity during optimization. Since Gaussian 

primitives are mainly constrained by photometric consistency, redun­

dant or incorrectly initialized Gaussians may remain in the scene 

representation, especially under RGB-only input. This issue can lead to 
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Fig. 1. Under RGB input, NA-SLAM achieves geometrically consistent recon­

struction without requiring explicit depth estimation while also supporting 

RGB-D input.

inaccurate surface structures, unstable tracking, and unnecessary mem­

ory consumption. In addition, insufficient viewpoint observations during 

online mapping further increase optimization uncertainty.

To address the geometric ambiguity of Gaussian primitives during 

online SLAM, we propose a unified normal-aware framework based on 

3D Gaussian Splatting, termed NA-SLAM. The central methodological 

idea is to use the normal direction induced by the covariance ellip­

soid as an actively optimized geometric cue rather than merely as a 

derived geometric attribute. Based on this idea, a self-supervised nor­

mal constraint regularizes Gaussian geometry using RGB and, when 

available, depth discontinuities, without requiring ground-truth normals 

or an external normal-estimation network. Rotation-guided keyframe 

management improves the multi-view observation coverage required 

for reliable normal-constrained mapping, while normal-guided filter­

ing suppresses Gaussian primitives with excessive shortest-axis scales. 

These three components address geometric regularization, observation 

sufficiency, and primitive morphology, respectively, forming a cou­

pled normal-aware mapping process. Some representative results of the 

proposed framework are shown in Fig. 1.

We evaluate the proposed method on the TUM RGB-D and Replica 

datasets using both RGB and RGB-D inputs. Experimental results show 

that NA-SLAM improves localization accuracy and reconstruction qual­

ity. It also reduces the number of Gaussian primitives on the evaluated 

TUM sequences, whereas its effect on the final map size is dataset-

dependent.

2 . Related work

2.1 . Visual SLAM

Traditional visual SLAM systems simultaneously estimate ego-

motion and reconstruct environmental geometry through sequential 

camera observations, typically employing feature-based tracking or di­

rect photometric alignment for incremental 3D mapping. In the field 

of visual SLAM, several classical algorithms have been widely studied 

and applied. Parallel tracking and mapping (PTAM) [12] was pioneering 

in separating tracking and mapping into two distinct threads, utilizing 

nonlinear optimization for pose estimation, which at the time provided 

groundbreaking advantages in both speed and accuracy. However, its re­

liance on patch matching makes it susceptible to reduced accuracy due 

to variations in lighting intensity. Additionally, the absence of a loop 

closure process prevents the elimination of accumulated errors. ORB-

SLAM [13–15], which uses robust ORB features and a comprehensive 

loop closure mechanism, improves long-term stability. But it fails to 

produce dense scene reconstructions and is ineffective in low-texture 

environments. Large-scale direct monocular SLAM (LSD-SLAM) [16] 

generates semi-dense maps and is suitable for low-texture scenes but 

faces memory constraints in large-scale environments. Semi-direct visual 

odometry (SVO) [17] combines the high efficiency of direct methods 

with the high robustness of feature-based approaches, making it suitable 

for high-speed platforms, but it lacks long-term stability and an effective 

loop closure strategy.

Despite their strengths, these traditional visual SLAM systems often 

fall short in 3D reconstruction, particularly in providing high-precision, 

detailed, and structurally complete 3D models, highlighting the need for 

further advancements.

2.2 . Learning-based SLAM

Traditional SLAM methods primarily rely on geometric feature 

matching and optimization techniques to achieve environment mapping 

and robot localization. However, with the advancement of deep learn­

ing technologies, researchers have begun to explore how deep neural 

networks can be utilized to enhance the performance of SLAM systems. 

DeepVO [18], one of the pioneering efforts, utilizes recurrent neural 

networks to achieve end-to-end camera trajectory estimation. Despite 

its innovative approach, DeepVO exhibits issues with cumulative error 

over long sequences and sensitivity to initial pose estimates. Deep vir­

tual stereo odometry [19] leverages deep depth prediction to enhance 

direct sparse odometry (DSO) [20]. It uses a deep learning model to pre­

dict depth maps from monocular images, effectively transforming the 

monocular setup into a virtual stereo system. However, this method is 

computationally intensive, limiting its real-time performance.

More recently, DROID-SLAM [21] recurrently updates camera poses 

and pixelwise depth through a differentiable dense bundle-adjustment 

layer. By directly learning motion fields from optical flow using 

RAFT [22], DROID-SLAM simplifies the process, eliminating the need 

for complex feature matching and improving both efficiency and ro­

bustness. DeepVIO [23], another notable advancement, combines visual 

and inertial sensor data through deep learning models to exploit their 

complementary characteristics, achieving more accurate pose estima­

tion, particularly in high-speed and dynamic scenarios. D3VO [24] 

proposes a deep learning-driven direct visual odometry method that 

not only retains the advantages of traditional direct methods but 

also improves illumination invariance and scale estimation through 

deep learning, ensuring good performance across various environ­

ments. Recently, several end-to-end deep learning frameworks for 3D 

reconstruction, such as DUSt3R [25] and VGGT [26], have been pro­

posed, followed by the emergence of SLAM systems built upon these 

architectures [27,28]. However, the aforementioned approaches rely 

on extensive datasets and prolonged training periods to ensure their

accuracy.

In short, current deep learning-based SLAM methods still face 

challenges, such as computational efficiency, data requirements, and 

cross-domain generalization capabilities.

2.3 . 3DGS-based SLAM

Recent developments in neural rendering techniques, such as neural 

radiance fields (NeRF) and 3DGS, have significantly advanced the field 

of SLAM. Notably, 3DGS has emerged as a promising approach for real-

time applications in 3D reconstruction and mapping.

Previous studies [29–36] have demonstrated the effectiveness of 

incorporating 3DGS into SLAM systems, showing significant improve­

ments over learning-based SLAM in terms of real-time performance, 

memory efficiency, and reconstruction quality. However, integration 

of 3DGS into SLAM has introduced new challenges. First, the position 

optimization of 3DGS relies heavily on depth information or sufficient 

viewpoint observations, which cannot always be guaranteed within the 

SLAM framework. Second, balancing the computational cost of 3DGS 
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Table 1 

Comparison of representative visual SLAM and reconstruction methods.

Method Input modality External pre-training Dense reconstruction

ORB-SLAM2 [14] RGB/RGB-D No No

DROID-SLAM [21] RGB/RGB-D Yes Yes

VGGT [26] RGB Yes Yes

iMAP [37] RGB-D No Yes

NICE-SLAM [38] RGB-D Yes Yes

Vox-Fusion [39] RGB-D No Yes

ESLAM [40] RGB-D No Yes

Co-SLAM [41] RGB-D No Yes

Point-SLAM [42] RGB-D Yes Yes

SplaTAM [32] RGB-D No Yes

GS-SLAM [34] RGB-D No Yes

MonoGS [10] RGB/RGB-D No Yes

Our NA-SLAM RGB/RGB-D No Yes

optimization with the real-time efficiency of SLAM remains a critical 

issue for maintaining real-time performance.

Among existing 3DGS-based SLAM systems, SplaTAM [32] and 

GS-SLAM [34] mainly focus on RGB-D input. SplaTAM employs a ren­

dered silhouette mask together with color and depth observations for 

camera tracking and structured Gaussian map expansion. GS-SLAM 

introduces adaptive Gaussian expansion and deletion, as well as a 

coarse-to-fine strategy for efficient RGB-D camera tracking. These meth­

ods benefit from measured depth as a direct geometric constraint. In 

contrast, NA-SLAM supports both RGB and RGB-D inputs and is in­

tended in particular, to reduce geometric ambiguity when measured 

depth is unavailable. Under RGB-only input, NA-SLAM follows MonoGS 

in randomly initializing the depths of newly generated Gaussian primi­

tives and subsequently constraining their geometry through multi-view

optimization.

MonoGS [10] is the most closely related method because it also uses 

3D Gaussians as the unified representation for direct camera tracking, 

incremental mapping, and novel-view rendering under both monocu­

lar and RGB-D inputs. However, MonoGS does not explicitly coordinate 

normal consistency, rotational viewpoint change, and Gaussian mor­

phology during online map optimization. Building upon this framework, 

NA-SLAM introduces three complementary mechanisms: self-supervised 

normal regularization to constrain Gaussian geometry, rotation-guided 

keyframe management to improve multi-view observation coverage, and 

normal-guided filtering to suppress geometrically unreliable Gaussian 

primitives. The proposed normal constraint requires neither ground-

truth normals nor an additional pretrained normal-estimation network.

Recent methods address structural consistency and map redundancy 

from different perspectives. MG-SLAM [8] incorporates line features 

and the Manhattan-world hypothesis to improve the completeness of 

structured indoor scenes, but its geometric prior assumes dominant 

orthogonal directions and requires RGB-D input. NA-SLAM instead im­

poses local normal consistency without assuming a global Manhattan 

structure. FIGS-SLAM [36] progressively introduces image-frequency 

components during mapping and removes Gaussians according to their 

rendering influence, including opacity, transmittance, and co-visibility. 

In contrast, our filtering criterion is derived from the normal-axis mor­

phology of each Gaussian, while the rotation-guided keyframe strategy 

improves the observations used to optimize these normals. Therefore, 

NA-SLAM differs from existing approaches in jointly integrating normal-

domain regularization, viewpoint-aware keyframe management, and 

shape-aware Gaussian filtering within a unified RGB/RGB-D SLAM 

framework, as shown in Table 1.

3 . Approach

As illustrated in Fig. 2, we constrain and optimize the pose estima­

tion by leveraging the discrepancy between the input images and those 

rendered from the 3D Gaussian map. For keyframe management, we em­

ploy an adaptive strategy based on pose variation metrics and multiple 

references derived from 3D Gaussian observations to manage keyframes 

effectively. Subsequently, we augment and optimize the 3D Gaussian 

map using the perspectives provided by these keyframes. In this process, 

we apply self-supervised smooth normal constraints to ensure that the 

3D Gaussian ellipsoids are optimized to more geometrically consistent 

positions and shapes. Additionally, we filter Gaussian primitives of the 

3D Gaussian ellipsoids, removing those that do not adequately conform 

to the surface, to ensure that the 3D Gaussian map accurately represents 

the real-world scene. The three components of NA-SLAM are organized 

around the reliability of normal-constrained Gaussian optimization. The 

normal constraint defines the geometric regularization applied during 

mapping, keyframe management maintains the multi-view observa­

tions required to optimize this constraint, and normal-guided filtering 

controls the morphology of the Gaussian primitives participating in 

subsequent optimization. This approach not only enhances the fidelity 

of the map representation but also indirectly improves localization

accuracy.

Fig. 2. Overview of NA-SLAM: In the front end, we optimize the pose based on the loss between rendered and input images. Concurrently, we manage the keyframe 

window based on translational distance, rotational angle, and Gaussian observation overlap. During mapping, we fix the keyframe poses and optimize the 3D Gaussian 

map using photometric loss and the self-supervised loss. Simultaneously, we optimize the 3D Gaussian ellipsoids in the scene through normal filtering.
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3.1 . 3D Gaussian map

The scene map is composed of a set of 𝑁  anisotropic Gaussian func­

tions {𝐺𝑖}
𝑁
𝑖=1. Each Gaussian function 𝐺𝑖 includes a color value 𝑐𝑖, opacity 

𝑜𝑖, spatial position 𝑝𝑖, and a covariance matrix Σ𝑖. By splatting and blend­

ing the 𝑁  Gaussian functions as observed from the current viewpoint, 

the rendered image pixels 𝐶𝑝 can be synthesized:

𝐶𝑝 =
∑

𝑖∈𝑁
𝑐𝑖𝑜𝑖

𝑖−1
∏

𝑗=1
(1 − 𝑜𝑗 ). (1)

For the surface normals of the rendered image pixels, the covariance 

matrix Σ𝑖 in the Gaussian function can be represented in the form of an 

ellipsoid as follows:

Σ𝑖 = 𝑅𝑆 𝑆T𝑅T, (2)

where 𝑅 ∈ 𝑆𝑂(3) and 𝑆 = 𝑑𝑖𝑎𝑔(𝑠1, 𝑠2, 𝑠3) are the rotation and scaling 

matrices of the Gaussian ellipsoid, respectively.

We approximate the direction of the smallest semi-axis in the scaling 

matrix 𝑆 as the normal direction 𝐧 of the 3DGS, which can be derived 

as follows:

𝐧 = 𝑅[𝑟, ∶], 𝑟 = argmin([𝑠1, 𝑠2, 𝑠3]). (3)

The corresponding normal rendering is expressed as:

𝑁𝑝 =
∑

𝑖∈𝑁
𝑛𝑖𝑜𝑖

𝑖−1
∏

𝑗=1
(1 − 𝑜𝑗 ), (4)

where 𝑛𝑖 plays a role similar to that of 𝑐𝑖, representing the accumulation 

of normal samples on the pixel resulting from 3D Gaussian splatting.

Similarly, the depth of rendered image pixels can be obtained as 

follows:

𝐷𝑝 =
∑

𝑖∈𝑁
𝑑𝑖𝑜𝑖

𝑖−1
∏

𝑗=1
(1 − 𝑜𝑗 ), (5)

where 𝑑𝑖 represents the depth of the 3DGS center projected onto the 

image plane via splatting in the current view.

3.2 . Pose estimation

First, we derive the gradient propagation between the rendered im­

age and the 3D Gaussians. To make the constraints and optimization 

process provided by 2D images differentiable with respect to the 3D 

Gaussians, the transformation between a 3D Gaussian 𝐺𝑊 (𝑝𝑊 ,Σ𝑊 ) and 

its projection as a 2D Gaussian 𝐺𝐼 (𝑝𝐼 ,Σ𝐼 ) on the image plane is defined 

as follows:

𝑝𝐼 = 𝜋(𝑇𝑐𝑤 ⋅ 𝑝𝑊 ), Σ𝐼 = 𝐽 𝑊 Σ𝑊 𝑊 T𝐽T, (6)

where 𝑇𝑐𝑤 represents the current camera pose in the world coordinate 

system, 𝜋 represents the projection operation from the world frame to 

the camera, 𝐽  is the linearized Jacobian matrix of the projection, and 

𝑊  is the rotation component of the pose 𝑇𝑐𝑤.

According to the chain rule, we can precompute and simplify the 

gradient propagation process. Specifically, we obtain:

𝜕𝑝𝑊
𝜕𝑇𝑐𝑤

=
[

𝐼 −𝑝×𝑊
]

, 𝜕W
𝜕𝑇𝑐𝑤

=

⎡

⎢

⎢

⎢

⎣

0 −W×
∶,1

0 −W×
∶,2

0 −W×
∶,3

⎤

⎥

⎥

⎥

⎦

, (7)

where × denotes the skew-symmetric matrix of a 3D vector, and 𝑊∶,𝑖
refers to the 𝑖-th column of the matrix.

Therefore, by enforcing pixel-wise loss constraints and leveraging 

the above formulations, the error is backpropagated to the pose matrix, 

enabling the optimizer to iteratively refine it toward the correct pose.

Fig. 3. Illustration of keyframe strategy.

For the tracking process, we render the viewpoint image using the ex­

isting 3D Gaussian map and optimize the camera pose using photometric 

error as the loss function. The loss is defined as follows:

𝐿𝐼 = ‖

‖

‖

𝐼𝑟 − 𝐼𝑔𝑡
‖

‖

‖1
, (8)

where 𝐼𝑟 is the rendered image, and 𝐼𝑔𝑡 is the ground truth image 

observed from the current viewpoint.

When the depth input 𝐷𝑔𝑡 is available, the tracking loss is aug­

mented with a depth-based term computed from the rendered depth 𝐷𝑟
as follows:

𝐿𝐷 = ‖

‖

‖

𝐷𝑟 −𝐷𝑔𝑡
‖

‖

‖1
. (9)

3.3 . Rotation-guided keyframe management

To ensure adequate observational coverage during mapping and to 

effectively constrain the position, opacity, color, and surface normals of 

each 3D Gaussian, our keyframe selection strategy simultaneously takes 

into account the variations in the observed Gaussians and the motion of 

the camera. As shown in Fig. 3, we simultaneously evaluate the changes 

in translation and rotation and adaptively adjust the keyframe selection 

threshold. To provide effective constraints for normals, we increase the 

number of keyframes when surface observations are sparse.

For the addition of keyframes, we consider two dimensions as refer­

ences: intersection over union (IoU) and camera motion. The IoU as one 

of the criteria for keyframe selection is defined as follows:

𝐼𝑜𝑈 (𝑖, 𝑘) =
|𝐺𝑣

𝑖 ∩ 𝐺𝑣
𝑘|

|𝐺𝑣
𝑖 ∪ 𝐺𝑣

𝑘|
, (10)

where 𝐺𝑣 denotes the set of observed 3DGS ellipsoids, 𝑖 denotes the 

current frame, and 𝑘 is the previous keyframe. When the IoU is below 

the threshold, the frame is considered a keyframe candidate.

Additionally, we consider the variation 𝑉  in different dimensions of 

motion. It is defined as follows:

𝑉 =
𝑀𝑑 ⋅ 𝑓𝑠(𝑊𝑖)

𝑡𝑖𝑘
, (11)

where 𝑀𝑑  is the median depth of the current frame, 𝑡𝑖𝑘 is the dis­

tance from the previous keyframe, 𝑊𝑖 is the rotation matrix relative to 

the previous frame, and 𝑓𝑠(𝑊 ) is the scale factor function, defined as 

follows:

𝑓𝑠(𝑊 ) =
(

1 − 1
𝜋
arccos

(

trace(𝑊 ) − 1
2

))2
. (12)

We further incorporate instantaneous rotation and short-term dis­

placement metrics within the keyframe window, normalizing them 

against the current depth to ensure scale consistency. When 𝑉  is below 

the threshold, the frame is determined to be a keyframe. Additionally, if 

𝑉  is further below the smaller threshold, the frame is forcibly considered 

a keyframe, ignoring the IoU.
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For the removal of redundant frames, when the number of keyframes 

exceeds the sliding window limit, we calculate the overlap coefficient 

(OC) between the keyframes in the current window and the most 

recently inserted keyframe. The OC is defined as follows:

𝑂𝐶 =
|𝐺𝑖 ∩ 𝐺𝑗 |

min(|𝐺𝑖|, |𝐺𝑗 |)
, (13)

where 𝐺𝑖 and 𝐺𝑗  represent the sets of observed 3DGS ellipsoids for 

keyframes 𝑖 and 𝑗, respectively.

To balance computational efficiency and real-time requirements, we 

limit the number of keyframes within the keyframe window to a pre­

defined constant 𝑁 . The keyframe is discarded if its OC drops below 

a specified threshold or if the total number of keyframes exceeds the 

predefined maximum.

3.4 . Self-supervised normal-constrained mapping

During the mapping process, new 3DGS ellipsoids are generated and 

optimized based on the added keyframes. When depth observations 

are available, we initialize the 3DGS ellipsoids in the vicinity of the 

observed depth. Otherwise, we use a larger variance for random initial­

ization of the 3DGS. For each keyframe within the keyframe window, 

we use the input color and depth (if available) as constraints, consistent 

with the tracking process. We optimize by calculating the loss using the 

Manhattan distance.

However, newly inserted Gaussian primitives are initially observed 

from only a limited number of viewpoints and may therefore remain ge­

ometrically underconstrained. This problem is more pronounced with 

RGB-only input, where surface depth is not directly observed and 

ground-truth surface normals are unavailable.

Inspired by edge-aware regularization in self-supervised depth esti­

mation [43,44], we model the rendered normal field as locally piecewise 

smooth. RGB and depth gradients are used as spatial confidence weights 

rather than being assumed to correspond exactly to geometric bound­

aries. For RGB input, the edge-aware normal smoothness loss is defined 

as

𝐿𝐼𝑆 = |𝜕𝑥𝐧∗𝑟 |𝑒
−|𝜕𝑥𝐼𝑔𝑡| + |𝜕𝑦𝐧∗𝑟 |𝑒

−|𝜕𝑦𝐼𝑔𝑡|, (14)

where 𝐧∗𝑟 = 𝐧𝑟∕‖𝐧𝑟‖ is the unit-normalized rendered normal, and 𝜕𝑥(⋅)
and 𝜕𝑦(⋅) denote first-order differences along the horizontal and vertical 

image directions, respectively.

Eq. (14) can be interpreted as an edge-aware weighted total-variation 

regularizer on the rendered normal field. In a locally low-gradient im­

age region, the exponential weight approaches one and neighboring 

normals are encouraged to remain consistent. Near a strong image gradi­

ent, the weight decreases and the normal smoothness penalty is relaxed. 

Therefore, the loss does not enforce a normal discontinuity at every RGB 

edge. An edge caused by texture or illumination only weakens the local 

regularization, while the Gaussian geometry remains jointly determined 

by the photometric loss and multi-view observations.

When depth input is available, we additionally define a depth-guided 

normal smoothness loss as

𝐿𝐷𝑆 = |𝜕𝑥𝐧∗𝑟 |𝑒
−|𝜕𝑥𝐷𝑔𝑡| + |𝜕𝑦𝐧∗𝑟 |𝑒

−|𝜕𝑦𝐷𝑔𝑡|, (15)

where 𝐷gt denotes the input depth map. Compared with RGB gradients, 

depth discontinuities provide more direct evidence of geometric bound­

aries. We use them as edge-aware weights for the rendered normal field 

rather than explicitly computing a target normal map from the input 

depth.

The mapping objective is defined according to the available input 

modality:

Lmapping =

⎧

⎪

⎨

⎪

⎩

L𝐼 + 𝜆𝑆L𝐼𝑆 , RGB,

𝜆𝐼L𝐼 + (1 − 𝜆𝐼 )L𝐷 + 𝜆𝑆L𝐼𝑆 + (1 − 𝜆𝑆 )L𝐷𝑆 , RGB-D,
(16)

Fig. 4. Relationship between Gaussian morphology and normal-axis filtering. 

The shortest principal axis defines the estimated normal direction, and its 

scale represents the Gaussian thickness along that direction. (a) a spindle-like 

Gaussian has one elongated axis and two relatively short axes. (b) a disc-like 

Gaussian has one short normal axis and two larger tangential axes. (c) a volu­

metrically thick Gaussian has an excessive shortest-axis scale and is removed by 

Eq. (18).

where 𝜆𝐼  balances the photometric and depth terms, while 𝜆𝑆  controls 

the contributions of the RGB-guided and depth-guided normal smooth­

ness terms. We set 𝜆𝐼 = 0.95 for RGB-D input and 𝜆𝑆 = 0.1 for both input 

modalities.

3.5 . Optimizing 3DGS with normal filtering

As defined in Eqs. (2) and (3), the normal direction of a Gaussian is 

approximated by the principal axis corresponding to its smallest scale. 

The scale of this axis therefore represents the spatial thickness of the 

Gaussian along its estimated normal direction.

For a Gaussian aligned with a local surface, its spatial support per­

pendicular to the surface should remain limited, whereas its tangential 

scales may be larger to represent a planar patch or an elongated struc­

ture. As illustrated in Fig. 4, a disc-like Gaussian has one short normal 

axis and two larger tangential axes, while a spindle-like Gaussian has 

one elongated axis and two relatively short axes. Both morphologies con­

tain at least one sufficiently thin principal direction. In contrast, when 

the shortest-axis scale is large, all three principal-axis scales are large 

and the Gaussian occupies a volumetric region rather than providing a 

locally surface-aligned representation.

Based on this geometric interpretation, we augment the original 

Gaussian pruning procedure by constraining the shortest-axis scale. Let 

the shortest-axis scale of the 𝑖-th Gaussian be

𝑠min
𝑖 = min

(

𝑠𝑖,1, 𝑠𝑖,2, 𝑠𝑖,3
)

. (17)

The normal-guided filtering criterion is then defined as

𝑜𝑖 = 0, if 𝑠min
𝑖 > 𝜆scale, (18)

where 𝜆scale controls the maximum permitted thickness of a Gaussian 

along its normal direction.

4 . Experiments

4.1 . Implementation and experimental setup

Experiments were conducted on a workstation equipped with an Intel 

E5-2690 v4 2.60 GHz 14-core 28-thread CPU and a single NVIDIA 3090 

GPU. We evaluated the accuracy on the TUM RGB-D dataset [45] and 

the Replica dataset [46]. The evaluation focuses on the bounded indoor 

environments provided by TUM RGB-D and Replica. These datasets are 

widely used in 3DGS-based SLAM and provide complementary condi­

tions: TUM RGB-D contains real handheld sensor observations, whereas 

Replica provides rendered sequences with accurate scene geometry and 
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Table 2 

Comparison of tracking results (RMSE of ATE in cm) on the TUM dataset. Red, blue and green 

values indicate the best, second-best and third-best performance, respectively.

camera trajectories. They enable evaluation with RGB and RGB-D in­

puts and facilitate comparison with existing methods. However, the 

current experiments do not cover large-scale or outdoor environments; 

therefore, the reported results should not be interpreted as evidence of 

generalization to these settings.

We follow the hyperparameter settings of MonoGS for implementa­

tion consistency. In particular, the hyperparameter 𝜆𝑠𝑐𝑎𝑙𝑒 is fixed at 0.1. 

For a fair comparison, all basic keyframe-related parameters are kept 

identical to those of MonoGS [10]. Specifically, the keyframe window 

size is set to N=8, the IoU and OC thresholds are set to 0.95 and 0.3, 

respectively, and the regular and forced motion thresholds are set to 

1/0.05 and 1/0.08. Keyframe selection is evaluated for every incom­

ing frame, while redundant-keyframe removal is triggered whenever a 

new keyframe is inserted. The only modification to the baseline selec­

tion criterion is the rotation-dependent factor 𝑓𝑠(𝑊 ), which enables the 

threshold to adapt jointly to rotational and translational camera mo­

tion. The normal constraint is evaluated at every mapping iteration. 

Normal gradients are computed using neighboring-pixel differences, 

with valid-pixel and rendered-opacity masks applied to both RGB and 

RGB-D inputs; an additional valid-depth mask is enabled for RGB-D in­

put. Normal-guided Gaussian filtering is synchronized with the original 

MonoGS pruning operation and is triggered when 𝑛𝑚𝑎𝑝 mod 150 = 50. 

The optimization schedule follows MonoGS: the first frame is initialized 

using 1050 mapping iterations, camera tracking uses at most 100 itera­

tions per input frame, and each mapping update uses 150 iterations. All 

remaining optimizer and learning-rate settings are unchanged from the 

corresponding MonoGS configurations.

Our comparison methods include traditional SLAM methods 

(DSO [20], ORB-SLAM2 [14]), deep learning-based SLAM (DROID-

SLAM [21]) and its standalone visual odometry component (DROID-

VO [21]), NeRF-based SLAM methods (iMAP [37], NICE-SLAM [38], 

Vox-Fusion [39], ESLAM [40], Co-SLAM [41], Point-SLAM [42]), and 3D 

Gaussian splatting-based SLAM methods (MonoGS [10], SplaTAM [32], 

GS-SLAM [34]).

To demonstrate the effectiveness of our method, we carry out com­

parative evaluations with the aforementioned approaches focusing on 

localization accuracy and reconstruction quality. We further compare 

the storage efficiency of our approach with the baseline, and also con­

duct ablation studies to confirm the necessity of the proposed strategy 

combinations.

4.2 . Tracking accuracy

To assess camera tracking accuracy, we report the root mean square 

error (RMSE) of the absolute trajectory error (ATE) of the keyframes. For 

map quality evaluation, we use standard photometric rendering quality 

metrics, PSNR, SSIM and LPIPS, following the evaluation protocol 

outlined in [10] and [32].

In Table 2, NA-SLAM achieves improved localization accuracy com­

pared with MonoGS, outperforming existing monocular 3DGS-based 

SLAM methods, across all three sequences. In the third sequence fr3_of­

fice, it approaches the accuracy of the traditional feature-based method 

with loop closure, ORB-SLAM2. With RGB-D input, NA-SLAM achieves 

the overall best results. In comparison to the systems utilizing only RGB 

inputs, the incorporation of depth input provides additional geometric 

constraints.

As shown in Table 3, NA-SLAM outperforms the baseline algorithm 

MonoGS in all sequences and overall average in the Replica dataset. 

Moreover, NA-SLAM achieves the best overall localization accuracy 

among the compared methods.

The comparison of localization accuracy across the two datasets 

demonstrates the effectiveness of our proposed self-supervised normal 

constraint, the associated keyframe strategy, and the normal-guided 

filtering strategy. In particular, with RGB input, our method effec­

tively constrains mapping optimization, thereby improving localization 

accuracy.

4.3 . Reconstruction performance

Fig. 5 depicts the rendering results of our NA-SLAM and the base­

line method MonoGS together with the ground truth (GT) for the TUM 

dataset with RGB input only. As demonstrated in the figure, our pro­

posed method facilitates the rapid convergence of 3D Gaussian ellipsoids 

to their accurate positions and shapes without the need for depth pri­

ors. In particular, on the fr3_office sequence, our method reconstructs 

more background details, even when these areas are observed from lim­

ited viewpoints. Table 4 compares the reconstruction performance of 

our approach with the baseline MonoGS on the TUM dataset. NA-SLAM 

consistently improves PSNR across all three sequences, although the im­

provements are modest. Under RGB input, the average PSNR increases 

from 21.85 to 22.20 dB, while under RGB-D input it increases from 24.16 

to 24.38 dB. The remaining metrics exhibit mixed results. Under RGB in­

put, the average SSIM increases slightly from 0.731 to 0.737, whereas 

LPIPS changes from 0.333 to 0.339. Under RGB-D input, SSIM remains 

nearly unchanged, changing from 0.802 to 0.801, while LPIPS changes 

from 0.228 to 0.232. These results indicate that the improvement on 

TUM is primarily reflected in pixel-wise reconstruction fidelity and does 

not represent a consistent improvement in perceptual rendering quality. 

The mixed results may reflect a trade-off between appearance fitting and 

the geometric regularization imposed on the Gaussian representation.
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Table 3 

Comparison of tracking results (RMSE of ATE in cm) on the Replica dataset. Red, blue and 

green values indicate the best, second-best and third-best performance, respectively.
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Fig. 5. Rendering examples on the TUM dataset.

Table 4 

Comparison of rendering results on the TUM dataset.

Input Method Metric fr1_desk fr2_xyz fr3_office Avg.

RGB MonoGS PSNR↑ 21.03 22.08 22.44 21.85

SSIM↑ 0.706 0.720 0.767 0.731

LPIPS↓ 0.353 0.297 0.350 0.333

NA-SLAM PSNR↑ 21.20 22.71 22.70 22.20

SSIM↑ 0.711 0.730 0.771 0.737

LPIPS↓ 0.365 0.305 0.348 0.339

RGB-D MonoGS PSNR↑ 23.20 24.68 24.60 24.16

SSIM↑ 0.780 0.795 0.830 0.802

LPIPS↓ 0.251 0.216 0.218 0.228

NA-SLAM PSNR↑ 23.64 24.81 24.68 24.38

SSIM↑ 0.781 0.793 0.830 0.801

LPIPS↓ 0.252 0.222 0.221 0.232

The TUM sequences used in this study contain real handheld camera 

motion and incidental image degradation. However, the current exper­

iments are not designed for a controlled robustness evaluation under 

severe motion blur, low illumination, or abrupt viewpoint changes. Since 

NA-SLAM relies on photometric consistency for tracking and map op­

timization, these conditions may reduce usable image gradients and 

inter-frame overlap, thereby degrading pose estimation and normal-

constrained mapping. The proposed method primarily addresses geo­

metric ambiguity in 3DGS-based SLAM rather than image degradation 

at the sensor level. Accordingly, robustness under severe illumination 

and motion degradation remains a limitation to be investigated in future 

work.

Fig. 6 compares the rendering results of our NA-SLAM method with 

the baseline MonoGS on the RGB-D Replica dataset. The results demon­

strate that our method converges rapidly to high-fidelity reconstructions 

and reduces visible artifacts near uncertain boundaries. Table 5 shows 

our reconstruction performance on the Replica dataset. Compared to 

other methods, NA-SLAM achieves the best results in both PSNR and 

LPIPS metrics. Although NA-SLAM achieves a slightly lower SSIM than 

the learning-based NeRF methods in the SSIM metric, we still obtain su­

perior overall results compared to the baseline methods, demonstrating 

the effectiveness of our proposed constraints and strategies.

Replica does not provide explicit ground-truth normal maps for the 

evaluated views. We therefore derive reference normals from its ren­

dered depth maps by back-projecting local depth neighborhoods into 

the camera coordinate system and estimating the corresponding surface 

directions. Since the RGB and depth observations are rendered from the 

same dense scene geometry, the resulting normals provide a geomet­

rically consistent reference for qualitative comparison. However, these 

depth-derived reference normals are not used during the optimization 

of either MonoGS or NA-SLAM.

As shown in Fig. 7, NA-SLAM produces more spatially coherent nor­

mal fields than MonoGS over large, locally smooth surfaces, such as 

walls and floors. This behavior is consistent with the intended effect of 

the proposed edge-aware normal regularization. Importantly, NA-SLAM 

does not directly minimize the angular difference between the rendered 

Gaussian normals and the depth-derived reference normals. In regions 

containing strong RGB or depth gradients, the smoothness weight is re­

duced, allowing the Gaussian parameters to remain jointly determined 

by the photometric, depth, and multi-view objectives. Consequently, the 

proposed constraint encourages stable local normal orientations where 
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Fig. 6. Rendering examples on the Replica dataset.

Table 5 

Comparison of rendering results on the Replica dataset. Red, blue and green values indicate the best, second-best 

and third-best performance, respectively.

a piecewise-smooth prior is appropriate without forcing all Gaussians to 

reproduce a predefined normal field. This comparison should therefore 

be interpreted as qualitative evidence of functional normal consistency 

rather than as a supervised surface-normal estimation benchmark.

4.4 . Gaussian map size analysis

Table 6 compares the final Gaussian map sizes of MonoGS and 

NA-SLAM under RGB and RGB-D inputs. Under RGB input, NA-SLAM 

consistently uses fewer Gaussian primitives while maintaining or im­

proving localization and rendering performance. This result suggests 

that the proposed normal regularization and filtering strategy sup­

presses unnecessary or geometrically unreliable primitives when the 

scene geometry is inferred solely from multi-view RGB observations.

Under RGB-D input, the effect on map size varies with the charac­

teristics of the depth observations. As illustrated in Fig. 8, the depth 

maps in the TUM RGB-D dataset are captured using a physical Microsoft 

Kinect sensor and are therefore affected by measurement noise, missing 

values, and boundary artifacts. Although the proposed method does not 

directly modify the input depth, the depth-guided normal regularization 

limits the propagation of these uncertainties into Gaussian geometry, 

and the scale-based filtering removes primitives with excessive thickness 

along their normal axes. This contributes to the reduction in Gaussian 

count observed on the TUM sequences. In contrast, the Replica RGB-D se­

quences are rendered from high-quality reconstructed scene models and 

provide dense, geometrically consistent depth observations. Since the 

depth measurements already impose strong constraints on Gaussian ge­

ometry, fewer primitives violate the filtering criterion, and the final map 

size is influenced more strongly by map expansion and densification. 

Consequently, the average Gaussian count on Replica increases mod­

estly from 29.48 × 10̂ 4 to 30.69 × 10̂ 4, corresponding to approximately 

4.1%, while the average storage increases from 19.06 MB to 20.00 MB.

The final Gaussian count reflects the combined effects of primitive 

generation, optimization, densification, and filtering, and therefore does 

not directly quantify representation redundancy. On Replica, the modest 

increase in map size is accompanied by improved localization and ren­

dering performance, suggesting that the additional primitives are used 

to represent scene coverage or local details rather than simply dupli­

cating existing geometry. Accordingly, the proposed filtering strategy is 

intended to improve the geometric reliability and compactness of the 

Gaussian representation, rather than to explicitly minimize the number 

of primitives in every sequence.

4.5 . Ablation study

Table 7 reports the ablation results for normal-guided filtering, 

rotation-guided keyframe management, and the normal constraint on 

the TUM RGB sequences. The complete configuration achieves the low­

est average ATE, demonstrating that the three components are comple­

mentary. However, the results do not indicate a monotonic improvement 

whenever an additional component is enabled. In particular, applying 

the normal constraint alone causes tracking failure on the fr1 sequence. 
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Fig. 7. Qualitative comparison of rendered Gaussian normals on representative Replica views. The reference normals are derived from the rendered Replica depth 

maps and are used only for qualitative comparison; they are not used to supervise or optimize either method. NA-SLAM produces spatially coherent normal fields on 

large planar regions while retaining sufficient flexibility around complex textures and structural transitions.

Table 6 

Comparison of Gaussian map sizes under RGB and RGB-D inputs.

Method Metric TUM Replica

RGB RGB-D

fr1 fr2 fr3 fr1 fr2 fr3 Avg. r0 r1 r2 o0 o1 o2 o3 o4 Avg.

MonoGS Storage (MB) 1.73 3.22 2.04 2.29 1.90 2.90 2.35 22.1 17.1 19.6 15.5 12.0 24.6 24.0 17.6 19.06

Number of Gaussians (×104) 2.67 4.97 3.15 3.54 2.94 4.48 3.63 34.21 26.41 30.34 23.91 18.64 38.08 37.08 27.19 29.48

NA-SLAM (Ours) Storage (MB) 0.92 1.38 1.58 1.28 1.49 2.17 1.47 23.3 21.8 20.2 13.0 16.7 22.6 21.8 20.6 20.00

Number of Gaussians (×104) 1.41 2.14 2.44 1.98 2.31 3.35 2.27 35.93 32.04 31.25 20.14 25.76 34.89 33.66 31.81 30.69

TUM RGB-D: Kinect-acquired depth Replica: Rendered depth

Fig. 8. Representative depth observations from the TUM RGB-D and Replica datasets. The TUM depth maps are acquired using a physical Kinect sensor and exhibit 

sensor-related missing measurements and boundary artifacts, whereas the Replica depth maps are rendered from reconstructed scene geometry and are comparatively 

dense and geometrically consistent.

The configurations containing normal-guided filtering generally achieve 

lower ATE than their unfiltered counterparts, which is consistent with its 

intended role of suppressing Gaussian primitives with unreliable normal-

axis morphology. This improvement should not be attributed solely to a 

change in the final number of Gaussians, because the final map size is 

jointly affected by filtering, densification, and observation coverage.

The effectiveness of normal-constrained mapping depends on both 

the reliability of the estimated Gaussian normals and the availabil­

ity of sufficient multi-view observations. Since the normal direction 

of a Gaussian is approximated by the shortest axis of its covariance 

ellipsoid, the estimated normal may become ambiguous when two or 

more axes have similar. Small changes in the optimized scales can then 
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Table 7 

Ablation study on TUM RGB dataset showing RMSE of ATE in cm.

normal 

filtering

keyframe 

management

normal 

constraint

fr1 fr2 fr3 Avg.

× × × 4.15 4.79 4.39 4.44

✓ × × 2.89 4.73 3.52 3.71

× ✓ × 3.93 4.78 4.14 4.28

× × ✓ 77.37 2.91 2.89 27.72

× ✓ ✓ 2.63 3.31 2.54 2.83

✓ × ✓ 5.04 3.67 2.06 3.59

✓ ✓ × 3.49 4.58 2.97 3.68

✓ ✓ ✓ 3.13 2.24 2.34 2.57

alter the selected shortest-axis direction. Inaccurate image boundaries 

may also provide unreliable guidance for the edge-aware smoothness 

constraint. Moreover, under RGB-only input, the normal constraint 

provides local geometric regularization but does not supply absolute 

depth information. Newly inserted Gaussians may therefore remain un­

derconstrained when they are observed from only a few viewpoints, 

particularly along trajectories with limited translational parallax. 

We attribute the tracking failure of the normal-constraint-only con­

figuration on fr1, resulting in an ATE of 77.37 cm, to the combined 

influence of these factors. The rotation-guided keyframe strategy im­

proves viewpoint diversity and observation coverage by incorporating 

relative camera rotation into keyframe selection. Although keyframe 

management alone provides only a modest reduction in the average 

ATE, from 4.44 cm to 4.28 cm, its benefit becomes more evident 

when it is combined with the normal constraint: the ATE on fr1 de­

creases from 77.37 cm to 2.63 cm. Normal-guided filtering provides 

an additional safeguard by removing Gaussians whose shortest-axis 

scales exceed the specified geometric threshold. Nevertheless, neither 

keyframe management nor filtering can recover geometric informa­

tion that is absent from the observations. Consequently, ambiguous 

normal directions, insufficient multi-view observations, and limited 

translational parallax remain potential failure cases of the current

framework.

Table 8 further reports the ablation results on the Replica RGB-D 

dataset. The complete configuration achieves the best average local­

ization performance while maintaining rendering quality comparable 

to the other configurations. The differences among the rendering met­

rics are relatively modest, and individual configurations may perform 

better on particular metrics or sequences. Therefore, these results 

Table 9 

Hyperparameter sensitivity analysis on the TUM RGB dataset.

𝜆𝑆 𝜆𝑠𝑐𝑎𝑙𝑒 ATE RMSE (cm) ↓ PSNR (dB) ↑ Number of Gaussians (×104)↓

0.10 0.10 2.57 22.20 2.00

0.05 0.10 3.12 21.81 2.96

0.20 0.10 2.88 22.09 2.15

0.10 0.05 3.16 22.17 3.49

0.10 0.20 3.24 21.99 2.13

primarily demonstrate the contribution of the proposed components 

to localization accuracy and geometric stability, rather than a uniform 

improvement in every rendering metric.

4.6 . Hyperparameter sensitivity analysis

We further evaluate the sensitivity of NA-SLAM to the normal loss 

weight 𝜆𝑆  and the normal filtering threshold 𝜆𝑠𝑐𝑎𝑙𝑒. A one-factor-at-a-

time protocol is adopted for the three TUM RGB sequences. Specifically, 

𝜆𝑆  is varied while fixing 𝜆𝑠𝑐𝑎𝑙𝑒=0.1, and 𝜆𝑠𝑐𝑎𝑙𝑒 is varied while fixing 

𝜆𝑆=0.1. All other experimental settings remain unchanged. Table 9 re­

ports the average ATE RMSE, PSNR, and number of Gaussian primitives 

over the three sequences.

The results show that the default setting, 𝜆𝑆=0.1 and 𝜆𝑠𝑐𝑎𝑙𝑒=0.1, 

provides the best overall performance within the tested range. A smaller 

𝜆𝑆  provides insufficient geometric regularization, whereas an exces­

sively large weight may overemphasize normal smoothness relative to 

photometric consistency. Changing 𝜆𝑠𝑐𝑎𝑙𝑒 in either direction also reduces 

tracking accuracy, indicating that overly relaxed or restrictive filtering 

can disturb the balance between retaining useful Gaussian primitives 

and suppressing unreliable representations. Notably, the average PSNR 

varies by less than 0.4 dB across all settings, while the ATE and Gaussian 

count exhibit larger variations. This suggests that the rendering quality 

of NA-SLAM is relatively stable within the tested range, whereas lo­

calization accuracy and map compactness are more sensitive to these 

parameters.

4.7 . Runtime and GPU memory analysis

We further compare the runtime and GPU memory consumption of 

NA-SLAM with those of MonoGS on the TUM sequences. Both methods 

are evaluated using the hardware described in Section 4.1, with iden­

tical input sequences and optimization settings. CUDA operations are 

synchronized before timing. Data loading, first-frame initialization, and 

final backend refinement are excluded from the runtime measurements.

Table 8 

Ablation study on Replica.

Method Metric r0 r1 r2 o0 o1 o2 o3 o4 Avg.

normal constraint PSNR↑ 36.11 38.26 39.09 43.11 43.41 36.77 36.99 36.64 38.80

SSIM↑ 0.964 0.968 0.973 0.984 0.982 0.958 0.966 0.960 0.969

LPIPS↓ 0.054 0.065 0.063 0.035 0.045 0.084 0.057 0.091 0.062

RMSE(ATE)↓ 0.63 0.39 0.50 0.55 0.83 0.29 0.27 2.32 0.72

normal filtering PSNR↑ 36.75 39.05 39.45 42.99 43.93 37.62 37.58 37.70 39.38

SSIM↑ 0.968 0.973 0.976 0.984 0.985 0.975 0.973 0.969 0.975

LPIPS↓ 0.045 0.051 0.051 0.032 0.030 0.043 0.040 0.059 0.044

RMSE(ATE)↓ 0.49 0.32 0.35 0.51 0.57 0.24 0.19 2.22 0.61

keyframe management PSNR↑ 36.63 38.76 39.41 43.47 43.94 37.63 37.59 37.30 39.34

SSIM↑ 0.968 0.972 0.976 0.985 0.985 0.975 0.974 0.968 0.975

LPIPS↓ 0.046 0.050 0.051 0.030 0.031 0.042 0.039 0.060 0.043

RMSE(ATE)↓ 0.48 0.36 0.51 0.47 0.58 0.24 0.23 2.62 0.69

NA-SLAM (Ours) PSNR↑ 36.83 38.72 39.21 43.30 43.44 37.61 37.46 37.48 39.26

SSIM↑ 0.969 0.971 0.974 0.984 0.985 0.973 0.971 0.963 0.974

LPIPS↓ 0.047 0.058 0.059 0.035 0.031 0.048 0.046 0.078 0.050

RMSE(ATE)↓ 0.42 0.26 0.31 0.46 0.40 0.25 0.22 1.77 0.51
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Table 10 

Runtime and GPU memory comparison on the TUM sequences.

Input Method Tracking time 

(ms/iter) ↓

Tracking time 

(ms/frame) ↓

Tracking 

FPS ↑

Mapping time 

(ms/iter) ↓

Frontend memory 

(MiB) ↓

Backend memory 

(MiB) ↓

RGB-D MonoGS 11.76 816.86 1.27 115.11 978.85 887.86

NA-SLAM 10.60 709.06 1.45 100.50 938.66 657.61

RGB MonoGS 10.83 758.83 1.34 103.56 1023.67 817.41

NA-SLAM 9.72 674.73 1.52 116.94 1072.99 790.09

Tracking allows at most 100 pose-optimization iterations per frame 

but terminates early when the pose-update criterion is satisfied. 

Therefore, the tracking time per frame is calculated from the accu­

mulated time of the iterations actually executed, rather than from 

the maximum number of iterations. Tracking FPS is calculated as the 

number of processed frames divided by the accumulated frontend track­

ing time and consequently represents frontend tracking throughput. 

Mapping time is reported per optimization iteration. Since the frontend 

and backend operate in separate processes, their peak PyTorch-allocated 

GPU memory is measured separately. The peak-memory statistics cover 

the complete process lifetime, including initialization.

As shown in Table 10, NA-SLAM improves frontend tracking effi­

ciency under both input modalities. For RGB input, the average tracking 

time decreases from 10.83 to 9.72 ms per iteration and from 758.83 to 

674.73 ms per frame, while the tracking throughput increases from 1.34 

to 1.52 FPS. The mapping time increases from 103.56 to 116.94 ms per 

iteration, corresponding to an overhead of approximately 12.9%. This 

additional cost arises from evaluating the normal-related losses during 

every mapping iteration. The frontend memory increases moderately by 

approximately 4.8%, while the backend memory remains comparable to 

that of MonoGS.

For RGB-D input, NA-SLAM reduces the average tracking time from 

816.86 to 709.06 ms per frame and increases the tracking throughput 

from 1.27 to 1.45 FPS. The measured mapping time also decreases from 

115.11 to 100.50 ms per iteration. Although the normal-related losses in­

troduce additional operations, the net computational cost is also affected 

by the number of active Gaussian primitives. As reported in Table 6, 

NA-SLAM constructs smaller Gaussian maps on the evaluated TUM se­

quences. Suppressing geometrically unreliable primitives reduces the 

number of Gaussians involved in repeated rendering and gradient com­

putation, thereby partially offsetting the cost of normal-constrained 

mapping.

The smaller and geometrically filtered Gaussian maps are consistent 

with the lower tracking time observed under both input modalities. In 

addition to reducing the rendering cost of each tracking iteration, im­

proved map geometry may facilitate pose convergence and early termi­

nation. Overall, NA-SLAM achieves higher frontend tracking throughput 

on the evaluated TUM sequences while introducing only a moderate 

mapping overhead under RGB input and no substantial increase in GPU 

memory consumption.

5 . Conclusions

In this paper, we presented NA-SLAM, a 3D Gaussian Splatting-based 

SLAM framework with self-supervised normal consistency constraints. 

The proposed method improves geometric coherence during map op­

timization by introducing normal-aware regularization without requir­

ing explicit depth priors. In addition, we designed a rotation-guided 

keyframe management strategy and a normal-guided Gaussian filtering 

mechanism to improve viewpoint coverage and suppress geometrically 

unreliable Gaussian primitives.

Experimental results on the TUM RGB-D and Replica datasets demon­

strate that the proposed method improves localization accuracy and 

reconstruction quality compared with existing 3DGS-based SLAM ap­

proaches. In particular, under RGB-only input for the evaluated TUM 

sequences, the proposed framework achieves better performance than 

MonoGS while using fewer Gaussian primitives.

The current evaluation is limited to static indoor scenes from the 

TUM RGB-D and Replica datasets. Consequently, the performance of NA-

SLAM in large-scale, outdoor, and dynamic environments has not yet 

been established. Such environments introduce additional challenges, 

including unbounded map growth, long-term trajectory drift, substan­

tial illumination changes, and dynamic objects. Moreover, the proposed 

normal-constrained mapping depends on sufficient overlapping multi-

view observations. When the camera trajectory provides limited view­

point overlap or translational parallax, the positions, scales, and normal 

directions of Gaussian primitives may remain underconstrained, partic­

ularly under monocular RGB input. Although the proposed keyframe 

management and Gaussian filtering strategies alleviate these problems, 

they cannot fully compensate for missing geometric observations. Future 

work will investigate scalable map representations, long-term geometric 

consistency, and improved robustness in outdoor and dynamic scenes.
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