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Reconstruction of Large Scale Scenes
and Autonomous Driving Scenes

VastGaussian: Vast 3D Gaussians for Large
Scene Reconstruction

2402.17427

Street Gaussians for Modeling Dynamic Urban
Scenes
2401.01339

DrivingGaussian: Composite Gaussian Splatting

for Surrounding Dynamic Autonomous Driving
Scenes
2312.07920

Periodic Vibration Gaussian: Dynamic Urban

Scene Reconstruction and Real-time Rendering
2311.18561



® VastGaussian: Vast 3D Gaussians for Large Scene Reconstruction

2402.17427 CTsinghua University | Huawei Noah's Ark Lab | Chinese Academy of Sciences)

O v" Dataset: UrbanScene3D
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VastGaussian: Vast 3D Gaussians for Large Scene Reconstruction

2402.17427 CTsinghua University | Huawei Noah's Ark Lab | Chinese Academy of Sciences)
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VastGaussian: Vast 3D Gaussians for Large Scene Reconstruction

2402.17427 CTsinghua University | Huawei Noah's Ark Lab | Chinese Academy of Sciences>
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VastGaussian: Vast 3D Gaussians for Large Scene Reconstruction

2402.17427 CTSinghua University | Huawei Noah's Ark Lab | Chinese Academy of Sciences)
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® Periodic Vibration Gaussian: Dynamic Urban Scene Reconstruction
and Real-time Rendering

2311.185601 CFudan University | University of Surrey)
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® Periodic Vibration Gaussian: Dynamic Urban Scene Reconstruction
and Real-time Rendering

2311.185601 CFudan University | University of Surrey)
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® Periodic Vibration Gaussian: Dynamic Urban Scene Reconstruction
and Real-time Rendering

2311.185601 CFudan University | University of Surrey)
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® DrivingGaussian: Composite Gaussian Splatting for Surrounding
Dynamic Autonomous Driving Scenes

2312.07920 CPeking University | Google Research | University of California, I\/Iercedz)
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® DrivingGaussian: Composite Gaussian Splatting for Surrounding
Dynamic Autonomous Driving Scenes

2312.07920 (Peking University | Google Research | University of California, I\/Iercedz)
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® DrivingGaussian: Composite Gaussian Splatting for Surrounding
Dynamic Autonomous Driving Scenes

2312.07920 CPeking University | Google Research | University of California, I\/Iercedz>

E.: 1 Incremental Static 3D Gaussians
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® DrivingGaussian: Composite Gaussian Splatting for Surrounding
Dynamic Autonomous Driving Scenes

2312.07920 (Peking University | Google Research | University of California, Mercedz)
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® DrivingGaussian: Composite Gaussian Splatting for Surrounding
Dynamic Autonomous Driving Scenes

2312.07920 CPeking University | Google Research | University of California, I\/Iercedz)

E.: 2 Global Rendering via Gaussian Splatting
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e Street Gaussians for Modeling Dynamic Urban Scenes

2401.01339 CZhejiang University | Li Auto )
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e Street Gaussians for Modeling Dynamic Urban Scenes

2401.01339 CZhejiang University | Li Auto >
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e Street Gaussians for Modeling Dynamic Urban Scenes
2401.01339 CZhejiang University | Li Auto )
E.: 1 Object model
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Street Gaussians for Modeling Dynamic Urban Scenes

2401.01339 CZhejiang University | Li Auto )

E.: 2 Tracking pose optimazion
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\i ﬂﬂﬂl{lﬁ Other interesting works

® SGS-SLAM: Semantic Gaussian Splatting For Neural Dense
SLAM

9& 1_§-L -’ﬁ 5'& 3‘_\?[ & S LA M ® GS-SLAM: Dense Visual SLAM with 3D Gaussian Splatting

_ _ _ ® SplaTAM: Splat, Track & Map 3D Gaussians for Dense
Reconstruction with No Pose Prior, RGB-D SLAM

Simultaneous Localization and Mapping
® Gaussian Splatting SLAM

® Gaussian-SLAM: Photo-realistic Dense SLAM with
Gaussian Splatting

® Photo-SLAM: Real-time Simultaneous Localization and
Photorealistic Mapping for Monocular, Stereo, and RGB-D
Cameras

i ® COLMAP-Free 3D Gaussian Splatting
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2AFC MATCH-TO-SAMPLE. The observer
first views a "sample” stimulus and then
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