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1. Al and Deep learning

Generation of turbulent inflow conditions
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CNN consists of a combination of convolution and pooling or upsampling layers with
spatial filters. Each convolution process is followed by a nonlinear activation function.

<J. Fluid Mechanics, Yousif, Yu, and Lim, 2022>



1. Al and Deep learning

Physics-constrained DRL (PCDRL) for flow field denoising
E——

This slide proposes a multi-agent deep reinforcement learning (DRL)-based model for
reconstructing flow fields from noisy data. The physics-constrained DRL (PCDRL) model
integrates pixel-wise rewards, physical constraints from the momentum and pressure
Poisson equations, and known boundary conditions, enabling training without target
data.

Results demonstrate that combining DRL models with flow physics can effectively
solve complex flow reconstruction problems, significantly reducing experimental and

computational costs.
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<J. Fluid Mech., Yousif et al, 2023>



1. Al and Deep learning

Physics-Constrained DRL (PCDRL) for Flow Denoising
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(a) Instantaneous vorticity field; (b) relative L2-norm error of the reconstructed velocity

fields. Cases 1, 2 and 3 represent the noisy DNS data at noise levels 1/SNR =0.01, 0.1 and 1,

respectively.

<J. Fluid Mech., Yousif et al, 2023>
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1. Al and Deep learning

Physics-Constrained DRL (PCDRL) for Flow Denoising




1. Al and Deep learning

Hybrid Control Framework for Wind Turbines Based on Pl Control and DRL
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This diagram illustrates a hybrid control framework for wind turbines, combining traditional Pl control with a
reinforcement learning agent. The system leverages LIDAR and anemometer sensor data processed by a
machine learning model to provide both current and predictive wind information, enabling more efficient
turbine control decisions.




1. Al and Deep learning

Transformer inflow generator (Dr Yousif) 2-10-1-4
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M-GAN based Velocity Estimator (Mr Yu) 1-10-2-5
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PGDRL based flow denoising (Ms Zhang) 4-10-2-4

Noisy PIV
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2. Aerodynamics (S0l E/EX S8 &)

Tip vortices

Secondary ‘braids’

_ leading to turbulence
Primary wake instability

Root vortices

Wake flow behind turbine blades Turbulent Boundary Layer (Re. = 550)

Hairpin vortices

Shear layers separation

l: . Hairpin vortices Principal core

Wake flow behind a finite body



3. Modelling Wind Flow over Bodies

Reynolds number range in this study
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4. Renewable Energy (Wind Turbine)




5. PIV Measurement Techniques

Speed distibution behind a rectangular cylinder
without a aiggering [U=3m/s]
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Speed distiibution behind a rectangular cylinder
with a triggezing [U=3m/s]

100
X frum]

¥ [imm]

1
.
a g
X DAN SHRAdspivest16ovs
7 Reloence ol (1t pover )
0.5
To
0.5
-1
-1.5 -1 0.5 0 0.5 1.5
U/Uo
1 —
TS SR RecumiveNs QUi oty
.
.
— — Reforence Profe (1th power
o5 I & (1t power ) .
o
-
. .
05 s
T
1 PN
-1.5 -1 0.5 0 0.5 L5
U/Uo




6. CFD Calculation

Cavity with flow oscillations

Pressure waves
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7. Radiated noise prediction by FSI

Design-Oriented S/W

X(or Unigraphics)
by Siemens PLM /

Flow Solution S/W

Star-CD
by CD-ADAPCO

Grid Solution S/W
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Vibration-Oriented S/W
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Post-Processor S/W

Tecplot
by AMTEC

Matlab
by Mathworks
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. ope Impact Test Rig 3D Model
8. High Pressure Vessel Facility )
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8. High Pressure Vessel Facility Impact Test Rig

Specifications :
Maximum Weight: 2000 kg

Maximum Pressure : 50 MPa

Stroke Length: 1 m

Front View of Impact machine & Side View of Impact machine &
Hydraulic System Hydraulic System
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