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[Abstract]

Digital twin (DT) is a key technology for accurately replicating and simulating real-world objects in a virtual environment.

Three-dimensional (3D) mesh reconstruction is crucial for effective digitization of objects. However, traditional mesh
reconstruction algorithms have limitations in representing complex shapes. Recently, high-precision mesh reconstruction methods
utilizing machine learning (ML) have been actively researched. This paper classifies and analyzes ML-based mesh reconstruction
from the past five years, based on input data types: single image, multi-view images, point clouds, voxels, and hybrid inputs. The
structural characteristics and limitations of each approach are analyzed. The analysis revealed that ML-based methods offer more
precise 3D reconstruction than traditional algorithms, with potential to enhance the realism of DT. However, challenges such as

high computational costs and generalization remain, requiring further research.
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