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“Is itunderperformance
or lack of resource?”



Wake uncertainties remain

[1] Johansson, E. Benchmarking results from multiple wake models on operational 

data from offshore wind farms. WindEurope TechWorkshop, Lyon, 2023. [link]

Results for multiple wake models across 19 offshore sites (48 cases) [1]

* No blockage model/correction included.

Turbine interaction loss errors relative to the observed loss​

Persisting problems

• Models produce a wide 
range of predictions

• Few large-scale validations 
across diverse sites and 
climates

Current solutions

• Assume high uncertainties

• Site-specific modelling 
choice & tuning

• Use ensembles of several 
wake models

https://static1.squarespace.com/static/5d7f53e4d5d037268e06258d/t/647c5bcf7a9ad96c276e1e3c/1685871570285/Wind+Europe+benchmarking+multiple+wake+models.pdf


Do we obtain similar validation 
resultsusing different sites?



Validation dataset
18 wind  farms , 2 GW and 425 turbines

...



Validation method
1) Estimate rotor effective wind speed s (REWS)

Power Blade pitch Rotor speed Air density

2500 1.0 12.1 1.221

2600 1.0 12.2 1.221

... ... ... ...

3000 4.5 13.0 1.190

Wind speed

9.0

9.1

9.6

Inputs (N x 4) Output (N x 1)

Train: SCADA (in freestream) observation calibrated NWP wind speed

MLP regression

[4, 32, 32, 32, 1]

Predict: SCADA (all turbines) REWS

 

 

 

  

  

  

  

 
  
 
  
 
 
 
 
  
 
  
 

 

 

 

 

 
 
 
 
  
  

 
 

 

 

  

 
  
 
 
  
  
 
 
  
  

 

 

  

  

  

 
 
  
  
 
 
 



Validation method
2) Estimate freestream REWS

WTG ID REWS Wind direction

T01 9.4 90°

T02 N/A N/A

... ... ...

T01 N/A N/A

T02 9.2 270°

Inputs (N x 3) Output (N x 3)

Train: Front row REWS Freestream REWS using flow models

XGboost 

regression

Predict: Front row REWS Freestream REWS using SCADA

WTG ID REWS Wind direction

T01 9.4 90°

T02 9.1 90°

... ... ...

T01 9.5 270°

T02 9.2 270°

 

 

 

  

  

  

      

               

 
  
 
  
 
 
 
 
  
 
  
 



Validation method
3) Simulate wake effects

Predict: Freestream REWS Simulated waked wind speeds

TurboGaussian [2]

Park2 [3] with k=0.09

ZongGaussian [4]

 

 

  

  

  

                 

     

 
  
 
  
 
 
 
 
  
 
  
 

[1]

https://iopscience.iop.org/article/10.1088/1742-6596/2265/2/022008
https://orbit.dtu.dk/en/publications/the-park2-wake-model-documentation-and-validation/
https://www.cambridge.org/core/journals/journal-of-fluid-mechanics/article/abs/momentumconserving-wake-superposition-method-for-wind-farm-power-prediction/B8CD7FAB0D77F08E0201CACCCB6E66F6
https://topfarm.pages.windenergy.dtu.dk/PyWake/


    

 

   

 

   

 

   

 
      

     

 
 
 
 
  
 
 
 
  
  
 
  
 

Validation method
4) Wake model accuracy metrics

10min wake wind speed deficit timeseries root mean 

square prediction error [m/s]

Absolute value of turbine level wake energy loss error [%]

(normalized by freestream)

1. Wind speed deficit timeseries 2. Turbine level energy losses



Validation results
E ngineering wake models

10min wake wind speed deficit timeseries root mean 

square prediction error [m/s]

Absolute value of turbine level wake energy loss error [%]

(normalized by freestream)

ZongGaussian and Park2 perform better for our validation sites. A separate analysis 

showed that TurboGaussian performance improves in low turbulence intensity.



How to use this data + machine learning 
to improve predictive accuracy ?



Hybrid wake model ling
Setup

Notes

1. Uses wake model timeseries as features to predict actual wake deficit timeseries [1]

2. Engineering of M=10 features, including scaling according to site characteristics

3. Conclusions strictly drawn from leave one site training and cross prediction

[1] Zehtabiyan-Rezaie, N., Iosifidis, A., & Abkar, M. (2023). Physics-guided machine learning for wind-farm power prediction: Toward interpretability and generalizability. PRX 

Energy, 2(1), 013009. [link]

Free
stream
REWS

Free
stream
Ct

Park2
deficit

... ZongGaussian
deficit

0.7 0.8 0.1 ... 0.15

0.8 0.8 0.0 ... 0.1

0.85 0.7 0.5 ... 0.6

... ... ... ... ...

1.2 0.45 1.2 ... 0.9

SCADA
wake deficit

0.7

0.8

0.85

...

1.2

Inputs (N x M) Output (N x 1)

Train: simulated wake deficits SCADA wake deficit

MLP regression

[4, 256, 256, 1]

https://journals.aps.org/prxenergy/abstract/10.1103/PRXEnergy.2.013009


Hybrid wake modelling
Leave -one -site -out cross validation

20% reduction in timeseries RMSE and turbine-level absolute wake loss errors

10min wake wind speed deficit timeseries root mean 

square prediction error [m/s]

Absolute value of turbine level wake energy loss error [%]

(normalized by freestream)



Hybrid wake model ling
S ummary

• A ML model can be trained to predict 
operational wake losses using physics models

• This reduces prediction errors by 20% 
compared to engineering wake models, for 
sites unseen during training

• Allows to optimally use operational data to 
reconcile pre and post construction energy 
yields and improve accuracy for future sites

Details to be published in a research 
paper for Torque 2026 conference
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