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Abstract: Aiming at the problem of low efficiency and manual participation in fault type identification
of conventional hydraulic units, an intelligent identification method of shaft center track type of hydrau-
lic units based on convolution neural network was proposed with the help of rich information contained
in the images of shaft center track and on the basis of the introduction of fine-grained model to distin-
guish the fault severity. In this method, four kinds of fault severity evaluation criteria and the corre-
sponding two kinds of fine-grained database of shaft orbit of hydropower units were established. A con-
volution neural network model with improved parameters of over convolution layer and pooling layer was

used to simulate the database, and the comparison analysis was made with full connection network. The
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results show that the recognition rate of fault type and severity of the model is 98.75% and 98.33% re-

spectively. The dimensionality index of fine-grained classification proposed by this method has better

state description ability than dimensionless one index. It is also in line with the development trend of

fault diagnosis of hydraulic units. Therefore, the axis trajectory identification algorithm based on convo-

lution neural network technology has important value for fault diagnosis of hydraulic units.

Key words: hydropower unit;axis trajectory ; convolution neural network ;fine-grained model ;

image recognition ; fault type
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Fig.1 Composition of convolution neural network system
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Fig.2 Fault severity classification of elliptical shape
axis orbit
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Fig.4  Fault severity classification of outer 8-shape
axis orbit
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Fig.5 Fault severity classification of inner 8-shape axis orbit
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Fig.8 All types of severity identification results
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