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Technical route

:The technical roadmap of the.

—— 1 proposed method is shown in thel

& e — ’ :flgure. First, high-precision tralnlngI

! ' R et , data are obtained through numerical |

o boundary date plenes ayer simultion I simulation. Subsequently, the data are'

e ~ Is,creened based on the principle of
i hierarchical learning. Finally, the final |

= Training data lpredlctlon results are output after
< WY Y ' model training. |
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Wind turbine array simulation setup

: The numerical simulation adopts the precursor-main simulation method, with the wind turbine
iIlayout based on the Vested experimental study. Twelve orderly arranged wind turbines are placed
'in the wind farm to calculate the wake and obtain high-precision simulation data.
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Principle of Hierarchical Learning

Areas with more wind Areas with less wind e e e e e e e e e e
speed regularity speed regularity ' The core principle of the hierarchical |

| learning model is to screen the data in the |

lwind farm database based on the wind

' speed variations induced by the wake '
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Loss datel

E The navy blue regions with significant wind E

| speed variations are used as training data |
ito minimize Loss datal, while for the Iighti

\ H # 'blue regions with minor wind speed !

.varlatlons 1/10 of the data is randomly.

\\ v -selected as training data to minimize Loss-

L, (Noog) i constitute the data loss function L,;(Npog) of

\ ' data2. Loss datal and Loss data2 together :
|

Loss date? > I the entire model. i
|




Results and comparison of the wake field predictions

:To demonstrate the superior wake prediction of our method, we plotted vertical resultant velocity contours at each |
| turbine location (three rows of four) and compared them with MLP and CNN results.(a) numerically simulated result; !
' (b) predicted by MLP; (c) predicted by CNN; (d) predicted by the proposed method.Here, vtl represents the resultant :
|veIOC|ty predicted by the proposed method, while vt2 and vt3 represent the resultant velocity predicted by the MLP '

: "and CNN, respectively. |
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|
1 To further evaluate the superiority of the hierarchical learning model in wind farm prediction, based on the overall :
:observation of the predicted three-dimensional flow field, cross-sections with richer wake dynamics and a larger

|
1 amount of data, as well as those with fewer wake dynamics and a smaller amount of data, were selected for:
|

|

| Cross-sections of the flow field 441 m
| downstream of the third column (7, 8, and 9)

| of wind turbines and 12) of wind turbines

I Velocity prediction errof’s 441 m downstream
I of the third column of wind turbines

- the three-dimensional spatial variations !
. and temporal evolution of the incoming .
| turbulent wind, demonstrating excellent |
| spatiotemporal prediction performance.

Velocity prediction errofs 441 m downstream
of the third column of wind turbines
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Conclusions

To achieve accurate prediction of wind turbine wake fields, we applied a hierarchical
learning approach within an integrated neural network framework, proposing a real-time
dynamic wind field prediction method that balances both global and local aspects. By
Incorporating hierarchical learning and partial differential equations, the method reconstructs
dynamic wake fields at any spatiotemporal coordinates using sparse data. Simulation results
showed that the proposed method has a lower algorithmic complexity, which achieves
reliable prediction accuracy while reducing data requirements, effectively capturing the

correlations and dependencies among wind speeds in various dimensions of the wind farm.





