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Neural Dynamic Scene Rendering and Reconstruction Based on Deep
Prior Guidance

LI Zhanglin, SUN Yihui, LI Yu, YAO Xianyi, LAN Shiru
(School of Digital Intelligence Engineering , Hunan SANY Polytechnic College, Changsha 410129, China)

Abstract: Achieving real-time and high—quality rendering of dynamic scenes remains a highly challenging task. To address this problem,
this paper proposes a four—dimensional spatiotemporal Gaussian scene representation guided by depth priors. First, temporal opacity together
with parameterized motion and rotation is introduced into three—dimensional Gaussians, enabling the model to capture both static structures
and transient dynamic content. Second, depth information is used to constrain and guide the rendering process, thereby improving detail recov-
ery and geometric consistency. Third, a joint guidance strategy combining training error and coarse depth is adopted to effectively supplement
and model sparsely covered regions in the scene. Compared with other advanced methods, the proposed approach exhibits clear advantages in
rendering quality, rendering speed, and model compactness. Under high—resolution settings, the method is capable of achieving real-time ren-
dering at one hundred and sixty frames per second on a standard NVIDIA RTX 4090 graphics platform.
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Fig.1 Network framework of the proposed algorithm
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Ours 38.72 0.078  0.020  160.000 110
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Table 2 Comparison results of different methods on the Mip—
NeRF360 dataset
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Fig.2 Visualization results of different methods on the DyNeRF dataset
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Fig. 3 Visualization results of different methods on the Mip—NeRF360 dataset
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Table 3 Depth—guided Gaussian method ablation experiment
®3 RESISEHAXHEMERE

Depth—guided PSNR(db) T SSIM T LPIPS |
X 36.71 0.071 0.041
N 38.72 0.078 0.022

Fig. 4 Depth visualization results
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