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Introduction

The study Introduces a supervised machine learning-based computational framework for wind farm layout optimization,
addressing wake effects and wind condition uncertainties. The approach leverages the predictive power of Random Forest
(RF) regression to model wake effects and integrates it with the Sequential Least Squares Quadratic Programming (SLSQP)
algorithm for efficient wind farm layout optimization. Application to Horns Rev 1 wind farm demonstrates improvement in
annual energy production (AEP) gains through iterative optimization, offering agile approach to windfarm layout optimization.

Methodology

The following methodology Is followed in this work:

Results

For this work, the Horns Rev 1 wind farm was used to evaluate
the effectiveness of the proposed framework. The turbines are
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Machine Learning

Train a Random Forest Regressor using:
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Conclusion & Future work

 Machine Learning-based wake modeling provides robust surrogate predictions for optimization.

« SLSQP effectively fine-tunes turbine positions, improving performance metrics.
 The optimized layout increases the Annual Energy Production (AEP) by approximately 2.08%, from

559.39 GWh to 571.02 GWh.

* This framework Is scalable to larger wind farms and adaptable to site-specific conditions.
* Future work involves testing the performance of different ML algorithms and optimization techniques.
» Also extend it to Integrate time-series data for adaptive layout optimization under varying conditions.

References

1] Wu YT, Porté-Agel F. Modeling turbine wakes and power losses using LES at the Horns Rev offshore wind farm. Renew Energy. 2015

3] Ti Z, Deng XW, Yang H. Wake modeling of wind turbines using machine learning. Applied Energy. 2020 Jan 1;257:114025.

SCAN TO DOWNLOAD

Collaborators

2] Yang K, Deng X. Layout optimization for offshore wind farm renovation using a machine learning wake model. J Wind Eng Ind Aerodyn. 2023

b yubgiiinilgo dcgoao
University | 34X AD PORTS GROUP

Cranfield




	Slide 1

