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Fig. 6 Fringe Projection 3D Measurement System
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Fig.7 Three—-dimensional reconstruction of a stationary and moving standard ball
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Fig.8 Comparison of phase errors of gypsum dolls under different reconstruction methods
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Fig.10 Reconstruction Results of Gypsum Dolls in Dynamic Scenes
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Deep Learning—Based Multi-Frame Fringe 3D Reconstruction for
Dynamic Scenes

SHEN Siyuan', LU Rongsheng', LI Shuge', SHI Wensong”
(1 School of Instrument Science and Opto— electronics Engineering , HeFei University of Technology , HeFei 230009,
China)
(2 Wuxi Dimension Machine Vision Industry Technology Research Institute Co., Lid., Wuxi 214101, China)

Abstract: Optical three-dimensional (3D) measurement techniques, particularly fringe projection
profilometry (FPP) , have been widely adopted in industrial inspection, intelligent recognition, and
cultural heritage preservation due to their high accuracy, low cost, and fast acquisition speed. However,
conventional FPP methods typically rely on multiple phase—shifted fringe patterns captured under static
conditio-ns. In dynamic scenes, object motion introduces inter—frame misalignment and additional phase
shifts, leading to significant reconstruction errors. To address this challenge, we propose a novel deep
learning—based multi—-frame fringe 3D reconstruction method specifically designed for dynamic scenes with
rigid motion. Our approach consists of three main stages. First, a deep neural network is employed to
rapidly estimate coarse 3D point clouds from single-frame composite fringe images. This network is trained
to predict the numerator and denominator components required for phase calculation, enabling direct phase
retrieval from a single image without the need for traditional multi-step phase shifting. Second, to leverage
temporal information while compensating for motion-induced misalignment, we introduce a point cloud
registration step. Using the Iterative Closest Point (ICP) algorithm, we align the point clouds of adjacent
frames into a common coordinate system. The aligned point clouds are then back—projected onto the image
plane to generate motion—compensated fringe patterns. Finally, a multi-frame deep learning enhancement
module processes the aligned fringe images to extract high—fidelity phase information. This module
integrates spatial and temporal features through a dual-component network architecture, combining a
single-frame phase extraction backbone with a multi-frame enhancement encoder and adaptive feature
fusion mechanisms. The performance of the method was tested in both static and dynamic scenes in this
article. Results demonstrate that the proposed method significantly outperforms traditional phase-shifting
methods and single-frame deep learning approaches. In static scenes, the multi—-frame model demonstrated
superior performance by reducing the reconstruction error compared to its single-frame counterpart. In
dynamic scenes, it effectively eliminated motion artifacts such as ripple distortions and achieved a
substantial reduction in phase error compared to conventional methods. Moreover, the method showed
strong robustness in reconstructing fine surface details, even under complex motion conditions. In
conclusion, this study presents a robust and accurate solution for 3D reconstruction in dynamic
environments by integrating deep learning with image alignment techniques. The proposed method
successfully combines the advantages of single—frame inference speed and multi-frame temporal
consistency, offering a promising direction for real-time high—precision 3D measurement in motion
scenarios. Future work will focus on extending the method to non-rigid objects and improving
computational efficiency for real-time applications.

Key words: Fringe Projection; 3-D reconstruction; Deep lLearning; Dynamic Scence; Optical
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