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Intelligent Recognition of Rotor Axis Trajectory based
on Deep Convolutional Neural Network
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(School of Automation Engineering,Shanghai University of Electric Power, Shanghai, China, Post Code ;200090 )

Abstract; As one of the typical characteristics of rotor faults, the rotor axis trajectory can provide more
representative information of rotor faults. Accurate identification of the shape of the rotor axis trajectory is
the basis of constructing the characteristic symptoms of rotor faults. In order to improve the generalization
ability of the shape identification of rotor axis trajectory, this paper proposes a rotor axis trajectory ima-
ging and its shape identification algorithm based on deep convolutional neural network called DimShap-
eNet. The analytic expression of rotor axis trajectory is mapped to two-dimensional digital image. By u-
sing anti-grayscale method to preprocess the rotor axis trajectory image, the redundant color information of
two-dimensional digital image is removed. Then, the preprocessed digital images of rotor axis trajectory
are input into deep convolutional neural network for training. The experimental results show that the rotor
axis trajectory digital image after anti-grayscale preprocessing has more advantages in the training of deep
convolutional neural network. Compared with the traditional shape identification method of rotor axis traj-
ectory , the shape identification method of rotor axis trajectory based on deep convolutional neural network

has higher accuracy and better robustness.
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Fig. 1 The process of rotor axis trajectory imaging
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Tab. 1 The dataset of rotor axis trajectory
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Fig. 3 The learning curve of error
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Tab. 3 Comparison results of different image types
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Tab. 4 Comparison results of different recognition methods
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of different methods
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