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Classifying turbulent flow patterns using convolutional neural network:
application to a cylinder wake and a turbulent channel flow
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A convolutional neural network (CNN) is applied to classify different turbulent flow patterns. The two-dimensional

cylinder wake and three-dimensional turbulent channel flow are chosen for the present test cases. A CNN is constructed

by the velocity data obtained using numerical simulations. For the cylinder wake, the CNN classifies the flow patterns

at three different positions with high accuracy, but it drops to approximately 60% for the classification of 17 locations.

This is because the flow patterns at adjacent locations are very similar when the cylinder wake achieves the self-similar

state. For the turbulent channel flow, the recognition accuracy depends on the number of training data. For the

classification of 12 flow patterns, comprising of three components and four wall normal locations, the recognition

accuracy finally achieves 95% with 4500 training data sets.
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Fig. 1 Block division of the flow around a circular cylinder.
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Fig. 2 Three positions in the flow around a circular cylinder.
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Fig. 3 Target of classification: 17 locations.
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Fig. 4 Configuration of a neural network for classifying flow patterns
of a cylinder flow.
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Fig. 5 Configuration of a convolutional neural network for classifying
flow patterns of a cylinder flow.
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Fig. 6 Transition of loss function for classifying three flow pattemns of a
cylinder flow.
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Fig. 7 Transition of loss function for classifying 17 flow patterns of a
cylinder flow.
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Fig. 8 Accuracy of CNN and neural network at different positions in
the cylinder wake flow.
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Fig. 9 Snapshot of x-velocity comoponent of a turbulent channel flow.
Color scale is arbitrary.
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Fig. 10 Configuration of a convolutional neural network for classifying
flow patterns at two locations of the channel flow.
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Fig. 11 Configuration of a convolutional neural network for classifying
12 flow patterns of the channel flow.
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Fig. 12 Transition of loss function for classifying 12 flow patterns of a
channel flow (540 training data).
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Fig. 13 Transition of loss function for classifying 12 flow patterns of a
channel flow (4514 training data).
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Fig. 14 Dependency of the number of training data on the accuracy.
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