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Unsteady flow time history reconstruction
based on deep learning

ZHAN Qing—liang 2, BAI Chun—jin', WU Zhi-hu', GE Yao—jun?
(1. College of Transportation and Engineering, Dalian Maritime University, Dalian 116026, China; 2. Key Laboratory of
Transport Industry of Wind Resistant Technology for Bridge Structures, Tongji University, Shanghai 200092, China)

Abstract: High-resolution flow field data are of great significance to the study of fluid mechanics. Limited
by measurement methods and calculation efficiency, it is still difficult to obtain high—resolution flow fields di-
rectly in some circumstances. A low—dimensional representation model for flow time history data was
poposed, and a deep learning method for reconstruction of unsteady flow time history data was developed.
The proposed method extracted the time—history features contained in the samples using one—dimensional
convolution directly; then, the mapping from the physical space and the encoding space was built; and finally,
the decoder in the representation model was utilized to generate flow time history data at unknown positions.
Unsteady laminar flow with Re;,=200 was studied, and the accuracy of the method was verified. The method
proposed in this paper, a new flow field data reconstruction method in an unsupervised training manner in the
time dimension, can be widely used in point—based sensor data analysis.
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Tab.1 FTH-AE model parameters

Layer Channel Kernel size Stride Activation Parameters

Conv 1 128 13 1 ReLU 1280
Conv 2 64 13 1 ReLU 73792
Conv 3 16 13 1 ReLU 9232

Flatten layer / / / 0
Dense layer 2 / ReLU 32002

Reshape layer / / / / 0
Conv_T 1 16 13 1 ReLU 2320
Conv_T 2 64 13 1 ReLU 9280
Conv_T 3 128 13 1 ReLU 73856
i it 1 13 1 ReLU 1153
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