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Identification of Gas-liquid Two-phase Flow Pattern in
Upward Inclined Pipe based on Deep Learning

TANG Liang,CAI Kai-yi, XU Shi-fei
(School of mechanical Engineering, Hubei University of Techology , Wuhan , China,Post Code ;430068 )

Abstract; At present,the flow pattern recognition rate of two-phase flow is not high,and it usually de-
pends on precise instruments to obtain flow pattern characteristics. To solve these problems,a flow pattern
recognition method based on deep neural network is proposed. Through the flow pattern data set collected
in the literature reports,the key variables affecting the flow pattern are analyzed,the combination of the
deep neural network optimized by particle swarm and the Softmax classifier is used for training on the
Tensorflow platform,and its classification results and the unified model are compared. The experimental
results show that the final comprehensive recognition accuracy of flow pattern recognition is 97.44% ,and
the classification result of flow pattern is basically consistent with the unified flow pattern model. Com-
pared with the current mainstream methods of flow pattern recognition, it has the advantages of easy fea-
ture extraction and fast convergence speed of neural network model.
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Fig. 1 Deep neural networks model
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Fig. 2 Neural network training process
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