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Abstract

Camera calibration is the process of determining both the intrinsic parameters, such as focal length, principal point, and
distortion coefficients, as well as the extrinsic parameters, such as the position and orientation of the camera. Accurately estimating
the internal parameters is a crucial task in the field of computer vision, but traditional methods have limitations in terms of
complexity and constraints. To overcome these limitations, research using deep learning for camera calibration with a single image
has been proposed, but it suffers from reduced accuracy. In this paper, we propose a model that utilizes Vision Transformers by
adding tokens to the features obtained using EfficientNetV2 to estimate the camera's internal parameters. We compare our approach
with previous single-image calibration studies and confirm that our model achieves higher accuracy.
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Fig. 2. Checkboard image for camera calibration
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Fig. 3. Overview of the proposed model. It receives a single RGB image as an input, extracts feature with EfficientNetV2-S,
goes through Patch Embedded and Tokens Addition, and adds position embedding to use it as an input to Vision Transformer.

From the results of the Transformer Layer, the intrinsic parameters of local token, principal point token, and distortion token are

estimated using FFN.
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