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A method of estimating camera pose in dynamic scene based on DNN
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( ™ Prospective Research Laboratory, Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™ Taicang Institute of Information Technology, Taicang 215400 )
Abstract

Aiming at the shortcomings of the widely used marker-based location registration, a method for estimating the
three-dimensional (3D) pose of the camera continuous motion is proposed, which can be used under the complex
dynamic scene. An end-to-end learning model for the input image sequence is established based on deep neural
network. Convolutional neural network ( CNN) is used as a high-level feature extractor, while long short-term
memory neural network (LSTM) is used to establish the timing correlation between consecutive video frames. The
proposed method is used to estimate the 3D pose of the camera’ s continuous motion, poor effect of extracting image
feature due to the rapid movement of the camera and the continuous motion change can be avoided. Moreover, the
method of migration learning is used to predict the camera 3D pose information of the unknown video sequence,
which solves the problem of insufficient original data volume. Experimental results on public datasets show that,
compared to PoseNet, the prediction accuracy is improved based on the input of continuous video sequences.

Key words: pose estimation, convolutional neural network (CNN) , long short-term memory neural network

(LSTM) , dynamic scene, transfer learning





