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Abstract

Traditional contact-based displacement measurement methods suffer from stringent site require-
ments, long on-site installation periods, and poor cost-effectiveness. To address these limitations, this
study proposes a deep learning-based monitoring method for structural harmonic displacement re-
sponse through image preprocessing, camera calibration, distortion correction, and dense optical
flow estimation. The results show that the proposed method achieves good identification perfor-
mance for structural harmonic displacement responses under regular sinusoidal excitation, and the
vision-based displacement measurements are in good agreement with those obtained from the laser
displacement meter. The RMSE between the vision-based displacement time histories and the laser-
based reference results ranges from 0.208 to 0.246 mm, the peak error ranges from 0.692 to 0.780
mm, and the relative error ranges from 13.84% to 15.60%.
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Figure 1. Schematic of the camera model
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Figure 2. GMFlow network architecture diagram
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Figure 3. Comparison of displacement time histories under Condition 1
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Figure 4. Comparison of displacement time histories under Condition 2
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Table 2. Error results based on computer vision methods
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