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Correction approaches
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Colomina I., Blazquez M., 2004 A unified approach to static and dynamic modeling in photogrammetry and remote sensingSPRS Archives
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Cucci, D. A, et al. 201'Bundle adjustment with raw inertial observations in UAV applications ISPRS Journal
Brun, A., et al. 2022LiDAR point i toi point correspondences for rigorous registration of kinematic scanning in dynamic networkdSPRS Journal
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Use of 3D & 2D-pieints
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Global behavior
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Conclusions
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3-4 times reduced geaeferencing error

V complementarity of 2D tigoints & 3D tiepoints:
continuous controlalong trajectory
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