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Abstract

With the increasing diversity of digital content formats, generating dynamic videos of subjects from
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a single static photo has become a practical need in fields such as social media and advertising. To
address the challenges of inadequate motion controllability and visual authenticity in this task, this
paper proposes a dynamic generation framework based on explicit optical flow planning, which
constructs an end-to-end pipeline of “segmentation—motion blueprint construction—motion exe-
cution—temporal optimization.” In this framework, optical flow is treated as a motion blueprint
and a Generative Adversarial Network (GAN) serves as the executor. Technologies including Mask
R-CNN instance segmentation, RAFT optical flow estimation, GAN, and RIFE frame interpolation are
integrated, with optical flow guidance enhancing motion controllability and optical flow cycle con-
sistency loss improving visual realism. Experiments demonstrate that the proposed method can
generate visually coherent dynamic videos, with continuous improvement in metrics such as PSNR
and SSIM, and satisfactory performance in dynamic indicators including optical flow error and mo-
tion smoothness. This study provides an effective technical approach for photo animation and offers
referential value for digital content creation industries.
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Figure 1. Trend of PSNR, SSIM, L1 Loss and dynamic metrics
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Figure 2. Screenshots of generated frame sequence
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Figure 4. Comparison of sequence frames
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Figure 5. Error analysis diagram
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