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MVS-GS

High-Quality 3D Gaussian Splatting Mapping via Online Multi-View Stereo

IEEE Access
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MVS-GS: Results & Contributions
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Online 3DGS w/ NVS

Online 3D Gaussian Splatting Modeling with Novel View Selection
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Method Overview
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NVS: Results & Contributions
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Stereo-GS

Online 3D Gaussian Splatting Mapping Using Stereo Depth Estimation
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Method Overview
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Stereo-GS: Results & Contributions

Method Metric MHO1 MH02 MH03 MH04 MHO5 V101 V201 Avg
PSNRT 2588 1726 1959 2523 2467 28.07 23.65 2348

MonoGS  SSIM{t 085 068 071 085 084 090 08 081
LPIPS, 017 043 038 024 026 019 028 026

PSNRt 2123 2210 2092 2022 1973 2313 2195 2123

PhotoSLAM SSIMf 070 073 070 074 072 078 078 074
LPIPS, 030 029 034 034 038 028 030 032

PSNRT 22.63 23.34 23.83 2334 2312 2501 2412 23.70

Ours SSIMf 077 079 081 088 08 086 085  0.83
LPIPS, 027 026 027 019 022 022 023 024

Method Metric SE000 SE001 SE002 SE003 SE004 SE005 SE006 SE007 Avg.
PSNRT 20.95 17.76 18.81 17.59 27.92 17.26 16.45 23.38 20.02

MonoGS ~ SSIMt 059 035 048 065 078 043 028 064 053
LPIPS, 060 069 058 051 055 066 076 056 06

PSNRT 20.70 16.41 16.95 23.16 25.98 16.28 17.73 24.07 19.67

PhotoSLAM  SSIM 1 0.58 0.30 0.39 0.72 0.81 0.40 0.33 0.75 0.50
LPIPS, 055 068 073 038 056 064 066 033 06l

PSNR?T 23.49 20.32 20.64 23.5 29.28 20.00 17.39 25.12 2247

Ours SSIM T 0.67 0.58 0.46 0.82 0.93 0.53 0.34 0.68 0.61
LPIPS, 048 045 069 032 059 056 065 049 053
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Project 1: Hybrid 3D Reconstruction Pipeline
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Project 1: System Results & Insight

v Outcomes
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Project 2: Generative Al for Sparse View
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Project 2: Reconstruction Results
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