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Improvement of PIV by data augmentation based on machine learning
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We use a supervised machine learning to augment velocity fields around a square cylinder from particle images
obtained by the PIV measurement which has some regions of deteriorated particle images. We utilize artificial
particle images (API) based on the histogram of experimental particle magnitudes as the input data. The solution
of models is obtained from a direct numerical simulation (DNS) at Rep = 300. Two cases are considered as the
input data types: API without and with lacked portions, respectively. The lacked area is given following the exact
experimental situation. The estimated velocity fields from both full and lacked APIs are in great agreement with
the reference DNS data in terms of statistical assessments. At last, we also apply the machine-learned model to
experimental images and show its applicability to various situations in experimental fluid dynamics.
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Fig. 1: Computational domain and condition. Note
that three-dimensional DNS is considered in the present
study.
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Fig. 2: Illustlation of an autoencoder-based convolutional neural network in the present study. The model is trained
to output velocity fields {u,v} from an artificial particle image (g + ¢) such that {u,v} = F{(g + ¢);w}. In the
present model, a low-dimensional latent space 3 is included inbetween input and output images so that the model
can posses the robustness against noise and spatial sensitivity.
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Fig. 3: An illustration of the flow chart of the present study. Step 1: The API (q) is generated by the combination of
DNS data u,v with the Gaussian random noise ({). Here, the lacked API (§) is also prepared. Step2: The machine
learning model F for the full API (q) is trained with the training data set, g + ¢, prepared in the step 1. Step3: The

machine learning model F for the lacked API g is trained with the training data set, § + ¢, prepared in the step 1.
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Fig. 4: An example of artificial particle image (API)
q+¢.
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Tab. 1: Network structure of auto encoder based CNN.

Layer Data size Activation
Input (120,140,1)
1st Conv2D(5,5,32)  (120,140,32)  ReLU

2nd Conv2D(5,5,32)  (120,140,32) ReLU

1st Max Pooling (24,28,32)
3rd Conv2D(5,5,32)  (24,28,32) ReLU
4th Conv2D(5,5,32)  (24,28,32) ReLU
2nd Max Pooling (12,14,32)
5th Conv2D(5,5,32)  (12,14,32) ReLU
6th Conv2D(5,5,32)  (12,14,32) ReLU
3rd Max Pooling (6,7,32)
7th Conv2D(3,3,16) (6,7,16) ReLU
8th Conv2D(3,3,16) (6,7,16) ReLU
1st Up-sampling (12,14,16)
9th Conv2D(5,5,32)  (12,14,32) ReLU
10th Conv2D(5,5,32)  (12,14,32) ReLU
2nd Up-sampling (24,28,32)
11th Conv2D(5,5,32)  (24,28,32) ReLU
12th Conv2D(5,5,32)  (24,28,32) ReLU

3rd Up-sampling (120,140,32)
13th Conv2D(5,5,32)  (120,140,32)  ReLU
14th Conv2D(5,5,2)  (120,140,2) Linear
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Fig. 5: Estimation of streamwise velocity field from full
and lacked APIs.

Laser emitter

) c>' B ...
. /’{u,lv)!%‘ia

High-speed vl
canets | [Exp.images [

Fig. 6: Application to experimental data (Sec. 4.2).
Experimental particle images are fed into the ma-

chine-learned model F trained by the lacked data.
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locity field.
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Fig. 9: Summary of Reynolds stress uju’: (a) u'u/, (b

v, (c) w/v' of the DNS data. (d) u'v/, (e) v'v/, (f) u/v’
obtained from the experimental data.
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