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Abstract

3D Gaussian Splatting (3DGS) has emerged as a prominent technique in novel view synthesis, dis-
tinguished by its efficient real-time rendering capabilities and rapid convergence properties. However,
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its reconstruction quality heavily relies on accurate estimation of camera intrinsics and extrinsics,
which are traditionally obtained through Structure-from-Motion (SfM) pipelines such as COLMAP.
Notably, in challenging scenarios characterized by low-texture regions, repetitive patterns, or lim-
ited viewpoint distributions, SfM estimations often suffer from inaccuracies, thereby compromis-
ing reconstruction fidelity. To address this limitation, we propose a joint optimization framework
that simultaneously refines camera parameters and 3D Gaussian representations during the train-
ing stage. Specifically, we employ offset parameterization to stabilize optimization, adopt logarith-
mic focal length representation for improved numerical conditioning, and introduce a cosine an-
nealing adaptive regularization strategy to refine camera parameters and enhance modeling
quality.
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Figure 1. L1 loss comparison of baseline 3DGS vs. our method on apricot fruit dataset
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Table 1. Comparative analysis of training set results on apricot fruit dataset
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Figure 2. Comparison between baseline 3DGS and the proposed method
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Table 2. Comparative analysis of training set results on the garden dataset

%% 2. Garden IEEINLELRITEL D H7

Jrik: PSNR1 SSIM1 LPIPS|
3DGS (FE4k) 23.84 0.588 0.373
ARILAEFLLAL) 24.19 0.631 0.357
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