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Camera Calibration Based on Deep Neural Network in Complex Environments
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School of Energy and Environment, Southeast University, Nanjing, Jiangsu 210096, China

Abstract This study proposes a new deep neural network based camera calibration method that achieves flexible,
high-precision calibration in complex environments, without having to classify or extract features from input data.
By optimizing the network structure, hyperparameters, and training algorithms, the deep neural network can be
quickly and effectively trained. The experimental results confirm that, compared with Zhang's calibration method
and the shallow neural network, the proposed method can achieve high calibration accuracy under a wide range of
imaging conditions involving multiple shooting angles or high distortion. For the images produced using a highly

distorted lens, the proposed method achieves an average calibration error of only 0.1471 mm over the calibration
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range of 633 mm X763 mm.
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Table 1

Calibration errors of different methods under different shooting angles

Error of DNN method /mm

Error of SNN method /mm

Error of Zhang's method / mm

Angle /(*)
Avg Max Std Avg Max Std Avg Max Std
0 0.0896 0.4109 0.0553 1.8910 8.4989 1.3840 0.3887 2.2614 0.2714
15 0.0948 0.5774 0.0657 3.0027 9.1213 1.6706 0.4768 1.7119 0.3339
30 0.1271 0.7146 0.0895 3.3793 11.8804 2.1458 0.3722 3.0325 0.2733
45 0.1492 0.7831 0.0930 3.9889 15.5627 2.6222 0.2586 1.7789 0.2139
60 0.1897 0.8929 0.1003 4.6515 17.3086 2.8226 0.5350 3.2883 0.4284
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different structures mm
With Without
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