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Abstract

Reconstructing a sharp dynamic radiance field from blurry monocular video is an important problem in novel view synthesis
(NVS). Recent approaches jointly optimize dynamic scene representations with blur formation models. However, these methods
often suffer from unstable optimization and struggle to recover sharp results under severe blur. To alleviate this problem, we
propose a sequential pipeline that combines neural network-based video deblurring with dynamic radiance field optimization.
Our method first applies initial deblurring to the input video and learns a dynamic radiance field from the deblurred frames. It
then renders images from the learned radiance field and uses them as guidance for a RF-guided video deblurring model to restore
the input video again. Finally, the restored sharp frames are used to optimize the final dynamic radiance field. Experimental
results show that the proposed method achieves higher PSNR and lower LPIPS than existing methods in novel view synthesis,

while demonstrating robust restoration performance in regions with severe motion blur.
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Figure 1. Overall pipeline structure of the proposed method.
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Figure 2. Structure of RF-guided video deblurring model. The blue modules indicate the original components of BSSTNet, while the
yellow modules denote the added RBBFP module and render feature flow.
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Table 1: Dynamic deblurring novel view synthesis evaluation of
Stereo Blur Dataset

Model | PSNR1 LPIPS |
DeblurdDGS 27.84 0.066
MoBGS 28.80 0.050
Baseline 28.03 0.048
Ours w/o RF-guided | 28.87 0.040
Ours 29.04 0.034
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Table 2: Runtime and rendering speed comparison.
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