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* Ancillary services to power grid
* Down-regulated operation (APC)
* Power reserve
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"Possible power of down-regulated offshore wind power plants: The PossPOW algorithm”. Go¢cmen, T. et al. (2018)
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"Possible power of down-regulated offshore wind power plants: The PossPOW algorithm”. Go¢cmen, T. et al. (2018)
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Methodology | wake model

“A new analytical model for wind-turbine wakes”. Bastankhah M., Porté-Agel F. (2014)
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“A new analytical model for wind-turbine wakes”. Bastankhah M., Porté-Agel F. (2014)
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Physical system P=gk*) +¢
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Physical system P=gk*) +¢
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Physical system P=gk*) +¢
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Conditional probabilty distribution of measurements

P=gk)+e —> &~N(0,62)
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Conditional probabilty distribution of measurements
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Conditional probabilty distribution of measurements

p(Plk*) 1

P=gk)+e —> &~N(0,62)
|
|
|

I >

g(k™) p

-~

n
L(k1p,68) =] |
t=1

1

ec(k*) = pr — g (k™)

1

e
1 \2mr62

_1

2

\_

s? =

n_

1 Z(et (k*))z
t=1

o

~

(4

/




Methodology | DREAM

* Markov chain Monte Carlo (MCMC) method for parameters sampling using the posterior
distribution.

 Based on the Differential Evolution Markov Chain method.

* Multi chain method: parallel sampling trajectories.

P2 [, P&

“Markov chain Monte Carlo simulation using the DREAM software package: Theory, concepts and MATLAB
implementation”. Vrugt, J. (2016)



Validation | setup

7.6 MW wind farm in flat terrain.

4 variable-speed, variable-pitch Vestas V100 wind turbines.
Hub height: 95m. Rotor diameter: 100m.
Aligned in the wind direction and
spaced 5*D each other.
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Validation | CFD solver

Caffa3d
Finite volumen method
2nd order accuracy
Structured grid blocks
Parallelization by MPI

Power
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“Simulation of a 7.7 MW onshore wind farm with the Actuator Line Model”. Guggeri, A. et al. (2017)
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Results | calibration
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Results | calibration

Two-dimensional correlation plots of posterior parameter samples
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Wind field — Wake model
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Results | validation

Avaliable power estimation vs. Wind farm at 100%
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Conclusions

* The methodolgy presents overall good results.

e Satisfactory implementation of bayesian analysis techniques for
parameter calibration.

* Precise estimation of model uncertainties.



Future work

* Explore DREAM paralellization features
* Evaluate other wake models or mid-Fidelity models
* Explicit dependence on turbulence intensity

* GPU programming
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