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Deep learning-based analyses on CFD results of 2-dimensional models
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CFD simulations were performed for several two-dimensional NACA wing models by using OpenFOAM and
HELYX-0S. A series of flow fields were labeled by human with respect to the vortex situations, and these
supervised results were cast into Google’s TensorFlow as a representative deep learning toolkit. After the training,
TensorFlow could automatically detect the generation of vortex. The transfer learning was performed with Keras
wrapper as well. Applications of deep learning to post-processing in CFD simulations should be promising.
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Fig. 1. Velocity map example and supervised labels
(0: no vortex, 1: vortex at trailing edge, 2: vortex at
leading edge, 3: after peeling).
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Fig. 2. Kernel of Python script to judge transition from

label “0” to label ““1”".
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Fig. 3. elocity map sequences with judged labels for NACA 0018 model in the case of attack angle 14 degree (pattern 2).
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Fig. 4. elocity map example of NACA 6306
(4: vortexes at both leading and trailing edges).
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Fig. 5. Learning curves (up: NACA 0018 and 6306,
down: NACA 6306 with NACA 0018 prior results).

Fig. 6. Honda - Kiwami® (up: model view, down:
velocity map example of 2-dimensionalized model).
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