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Abstract: Simultaneous Localization and Mapping (SLAM) is crucial for applications such as
autonomous driving, robot navigation, and 3D reconstruction. With advancements in Virtual Reality (VR)
and Augmented Reality (AR), the demand for immersive and realistic experiences is increasing. This
paper introduces a real-time SLAM system enhanced with object-level information using Gaussian
Grouping, based on the Gaussian Splatting technique. Our system utilizes predefined masks gene-
rated by Tracking Anything to segment objects effectively, enabling the real-time construction of
high-quality 3D maps. By applying Gaussian Grouping, the system efficiently identifies static objects
while integrating object-level data, maintaining the accuracy of traditional Gaussian Splatting-based
SLAM. Experimental results demonstrate the system’s high accuracy and efficiency across various
environments, enhancing object recognition and interaction for robots, as well as enabling natural
interactions with virtual objects in VR/AR applications. This study advances SLAM technologies
by providing a high-quality 3D reconstruction method that incorporates object-level information,

expanding its applicability to diverse domains.
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[Fig. 1] Overview of the GG-SLAM System. (a) Tracking and Gaussian Initialization Process: For each frame, a point cloud is generated
using RGB and depth images. Rotation and scale are calculated using Generalized Iterative Closest Point (GICP). Gaussian parameters
([p;: XYZ location, R;: Rotation, S;: Scaling]) are utilized in the GICP process. When a frame is identified as a tracking or mapping
keyframe, Gaussians are initialized using the position, color, rotation, and scale of the point cloud. (b) Mapping and Gaussian Optimization
Process: The parameters of the Gaussians are optimized by comparing the rendered images of the Gaussians with the ground truth RGB,
depth, and object masks. In addition, a Top-k Nearest Neighbor approach is used to optimize the Gaussians in 3D by checking
neighborhood consistency. The parameters being optimized include: [p;: XYZ location, R;: Rotation, S;: Scaling, «;: Opacity, f;: Color
(represented using Spherical Harmonics), o,: Objects]. This optimization ensures that the Gaussians accurately capture both the geometric
and object-level properties of the scene, enabling high-fidelity reconstruction and object-level understanding within the SLAM system
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[Fig. 2] Object Masks Generated by Tracking Anything. (Leff)

Original RGB image. (Right) Generated masks (colored with
RGB values for visualization)
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[Fig. 3] Ground Truth and Results on the Replica Dataset. Rendered RGB images using the original Gaussian Splatting method. Rendered
Object Masks with Gaussian Grouping parameters. Object Feature images obtained by applying PCA to 16-dimensional vectors and
mapping them to 3-channel RGB images. Note that mask quality is influenced by the ground truth and the Tracking Anything model,
which may not perform well when frames undergo significant changes, resulting in some masks containing noise or dots
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[Table 1] Mapping Accuracy and Processing Speed on the Replica Dataset. All performance metrics for Orbeez-SLAM, Point-SLAM,
SplaTAM, and GS-ICP-SLAM are extracted from the GS-ICP-SLAM paper!'”. The proposed Gaussian Grouping-based SLAM system
effectively integrates additional object parameters without significantly compromising rendering quality, maintaining processing speed
comparable to GS-ICP-SLAM while achieving mapping accuracy that is on par with or exceeds other state-of-the-art SLAM methods.
Bold values indicate the best performance, and underlined values indicate the second best

Methods Metrics Room0 Rooml Room2 Office0 Officel Office2 Office3 Office4
PSNR 1 12.13 15.28 15.87 17.59 19.26 10.30 11.55 12.65
20 SSIM 1 0.699 0.787 0.808 0.795 0.672 0.783 0.760 0.838
Orbeez-SLAM™"
LPIPS |} 0.612 0.477 0.509 0.515 0.413 0.554 0.540 0.528
FPS } 24.05 24.78 24.00 19.22 26.74 23.88 24.45 26.11
PSNR ¢ 33.38 34.10 36.32 38.72 39.31 34.22 34.10 34.82
. ) SSIM ¢} 0.979 0.977 0.985 0.985 0.987 0.962 0.963 0.981
Point-SLAM®?"!
LPIPS | 0.097 0.115 0.101 0.089 0.110 0.152 0.119 0.131
FPS } 0.26 0.30 0.31 0.33 0.34 0.30 0.28 0.30
PSNR ¢ 31.56 32.86 32.59 38.70 41.17 32.36 32.03 32.92
- SSIM ¢} 0.968 0.973 0.971 0.986 0.993 0.978 0.970 0.968
GS-SLAM™

LPIPS | 0.094 0.075 0.093 0.050 0.033 0.094 0.110 0.112

FPS ¢ 8.34 - - - - - - -
PSNR t 32.60 33.55 34.83 38.09 39.02 31.95 29.53 31.55
- SSIM ¢} 0.975 0.969 0.982 0.982 0.982 0.966 0.949 0.951

SplaTAMI"! — — —

LPIPS | 0.070 0.097 0.074 0.088 0.093 0.098 0.119 0.150
FPS } 0.24 0.19 0.19 0.20 0.22 0.27 0.26 0.24
PSNR 1t 35.37 37.80 38.50 43.13 43.26 36.93 36.90 38.75
GS-ICP-SLAM!” SSIM ¢t 0.963 0.971 0.975 0.986 0.985 0.974 0.969 0.973
(limited to 30 FPS) | LPIPS | 0.048 0.045 0.048 0.026 0.029 0.043 0.042 0.045
FPS } 29.97 29.98 29.98 29.98 29.99 29.97 29.97 29.97
PSNR t 32.77 35.24 34.89 40.52 41.00 32.36 34.42 36.35
Ours SSIM 1 0.941 0.957 0.958 0.978 0.976 0.948 0.954 0.961
(limited to 30 FPS) | LPIPS | 0.081 0.074 0.083 0.047 0.060 0.091 0.067 0.070
FPS } 29.96 29.97 29.98 29.97 29.97 29.98 29.95 29.97
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[Table 2] Mapping Accuracy and Processing Speed on the
Replica Dataset. Performance metrics for SGS-SLAM and
SemGauss-SLAM are extracted from their respective studies
(224 Although frame rate (FPS) comparisons are limited due to
the use of predefined object masks, the FPS is capped at 30,
allowing for the integration of additional semantic or object-
level information

Methods Metrics Average

PSNR ¢ 34.66
SGS.SLAM®! SSIM 0.973
LPIPS | 0.096

FPS t 2.11
PSNR ¢ 35.03
SemGauss-SLAMP* SSIM 1 0.982
LPIPS | 0.062

FPS t -

PSNR 1 35.94
Ours SSIM 1 0.959
(limited to 30 FPS) LPIPS } 0.072
FPS } 29.97

5% SLAM A28 971

A O] MR Q1 A5 RAIAZIH A o H 5=
o U= AR

[Table 2]of| 4]+ Semantic Segmentationd SLAM HIHHE1}
9] v AY A= B ofE} AQFSE Gaussian Grouping 7|4}
SLAM A|AE Semantic Segmentation 7] ¥t 552} ¥ w5}
o] 7t FAREAY B 55131tk & Aol A miATEo]
AP =] Gk o] i ol A gt Bl w7} 1 EA 514
gk A2 &7} vl M2l 7]E oA ARSE= Semantic
Segmentation®] && Ho]go] 3 A &3t = SHAE UE
HEaE, A4 o JEE TS 45 AT £ drtsh 4
oMM F2 AHE 7HE 4 s 7R3 EolFqlth

[Table 3]041:= T3t FPS A3t stof| 49 v Hee &
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[Table 3] Mapping Accuracy with Changing FPS on the Replica Dataset

Methods Metrics Room0 Rooml1 Room2 Office0 Officel Office2 Office3 Office4
PSNR 1 32.77 35.24 34.89 40.52 41.00 32.36 34.42 36.35
limited to 30 FPS SSIM 0.941 0.957 0.958 0.978 0.976 0.948 0.954 0.961
LPIPS | 0.081 0.074 0.083 0.047 0.060 0.091 0.067 0.070
PSNR 1 33.74 36.21 36.26 41.49 41.55 33.67 3537 37.31
limited to 20 FPS SSIM 0.951 0.963 0.964 0.981 0.979 0.953 0.960 0.966
LPIPS | 0.067 0.064 0.071 0.039 0.051 0.077 0.059 0.063
PSNR ¢ 35.04 3737 37.84 4224 42.63 34.43 36.60 38.21
limited to 10 FPS SSIM 0.959 0.969 0.972 0.983 0.982 0.958 0.967 0.970
LPIPS | 0.055 0.052 0.058 0.032 0.039 0.068 0.047 0.053
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