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Abstract

/ Wind energy 1s widely used for power production by wind turbines but the randomness and the intermittence of the wind make its accurate prediction difﬁcult.\
This study develops an advanced and reliable model for multi-step wind variability prediction using wavelet decomposed long short-term memory (WDLSTM)
network based on deep learning neural network (DLNN). A 20 Hz Ultrasonic anemometer was deployed for one-year long period on the seashore of northern
France at the site of Laboratoire d’Oc¢anologie et de Géosciences (LOG) to measure the random wind variability. Real-time turbulence kinetic energy (TKE) 1s
computed from the measured wind velocity components, and multi-resolution features of wind velocity and TKE are used as mput for the prediction model. These
multi-resolution features of wind variability are extracted using one-dimensional discrete wavelet transformation. The proposed DLNN 1s framed to implement
multi-step prediction ranging from 10 min to 48 h. We found that the coefficient of determination for 1-64h feature-space velocity and TKE prediction is 97% and

QS% respectively. /
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Methodolog

The velocity components u, v, and w of the turbulent wind flow are
decomposed into a mean part and fluctuating part as:

u=ut+uv=v+v w=w+w’

Discrete Wavelet Transform
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S(n) 1s the wind velocity
Level 1 cofficint (u) and TKE signals

zf

The Turbulence Kinetic Energy (TKE) can be written as:
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a) Raw TKE (9) Raw wind velqcity

Symlets orthogonal wavelet is used in the wavelet filter bank.
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