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Abstract

Non-metric digital camera calibration has become a research hotspot in the field of close-range
photogrammetry. Based on the standard image and distorted image, this paper has corrected the
point coordinates of the non-metric digital camera image by using BP neural network to establish
the model of objective lens distortion correction, and the point coordinates were compared with
the points corrected based on traditional polynomial distortion models proposed by Mr Brown.
The result showed that the accuracy of BP neural network model would be higher and could meet
the requirement of the close-range photogrammetry of high precision.
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Figure 1. BP neural network topology of the image
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Figure 2. (a) Distorted image; (b) standard image
B 2. (a) BEER; (b) fnEEK
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Figure 3. BP neural network training curve
& 3. BP #&E Mg S thik
Table 1. Results of BP neural network simulation experiment
= 1. BP MEMEEIHLER
Mg 1 10 19 28 37 46 55 64
X i HAH 0.123614 0.228764 0.338012 0.446923 0.555448 0.664219 0.773037 0.878391
y Vi EME 0.874728 0.767690  0.657978  0.550385 0.442007 0.333076 0.223027 0.116705
X WRZEAE 0.00371 0.00014 0.00021 0.00012 0.00035 0.00048 0.00064 0.00301
y REME 0.00157 0.00039 0.00032 0.00021 0.00031 0.00038 0.00067 0.00200
Table 2. Results of the brown model experiment
< 2. Brown #EBISLIG 4
Mg 1 10 19 28 37 46 55 64
X B IEE 0.157304 0.261964 0.362982 0.460333 0.556298 0.683749 0.812597 0.932161
y IR 0.922988 0.80390  0.677978  0.554465 0.451207 0.354196 0.253807 0.152615
X RZE 0.03740 0.03334 0.02518 0.01353 0.00120 0.02001 0.04020 0.05678
yiRZE 0.04983 0.03660 0.02032 0.00429 0.00951 0.02150 0.03145 0.03791
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