










Fig. 4: FPI methodology applied on the processed residuals
with the EWMA. The green dotted-line indicates a warning,
while the red dotted-line indicates a fault alarm as such.

6. Conclusions
By using a GRU neural network and just employing real

SCADA data an early fault detection methodology is pro-
posed and developed in this work. The model is constructed
from scratch, only with healthy data, i.e., establishing a
normality (normal behavior) model. The results are reported
on two WTs, one being healthy and the other one being
faulty. Through the fault prognosis methodology, the results
demonstrate that the model is robust and does not generate
false alarms while the fault prognosis is effectively done
two months in advance at least. In other words, the fault
prognosis methodology shows that on the healthy WT none
of the two thresholds (warning and fault) are exceeded. On
the other hand, on the faulty WT both threshold are exceeded
which clearly indicates there is an abnormal behavior.

Thus, this early prognosis clearly offers a strategy for
WTs’ operators to plan ahead for repairs and maintenance
orders, decreasing the downtime of WTs when these finally
fault and corrective maintenance is mandatory. Instead of
that, the intention is increasing the uptime of the WTs
as much as possible and extend the lifespan of the WTs’
components.
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[11] A. Géron, Hands-on Machine Learning with Scikit-Learn, Keras and
TensorFlow : Concepts, Tools, and Techniques to Build Intelligent
Systems, 2nd Edition, O’Reilly Media, Sebastopol, CA, 2019.

[12] J. Chung, C. Gulcehre, K. Cho, Y. Bengio, Empirical evaluation
of gated recurrent neural networks on sequence modeling, CoRR
abs/1412.3555 (2014). arXiv:1412.3555.
URL http://arxiv.org/abs/1412.3555

[13] Z. Wu, S. King, Investigating gated recurrent networks for speech
synthesis, in: 2016 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 2016, pp. 5140–5144.
doi:10.1109/ICASSP.2016.7472657.

[14] R. Dey, F. M. Salem, Gate-variants of gated recurrent unit (gru)
neural networks, in: 2017 IEEE 60th International Midwest Sym-
posium on Circuits and Systems (MWSCAS), 2017, pp. 1597–1600.
doi:10.1109/MWSCAS.2017.8053243.

[15] A. Flores, H. Tito-Chura, V. Yana-Mamani, Wind speed time series
prediction with deep learning and data augmentation, in: K. Arai
(Ed.), Intelligent Systems and Applications, Springer International
Publishing, Cham, 2022, pp. 330–343.

[16] J. S. Hunter, The exponentially weighted moving average,
Journal of Quality Technology 18 (4) (1986) 203–210.
doi:10.1080/00224065.1986.11979014.

[17] L. S. Nelson, The deceptiveness of moving averages,
Journal of Quality Technology 15 (2) (1983) 99–100.
doi:10.1080/00224065.1983.11978852.

[18] P. Cisar, S. M. Cisar, Ewma statistic in adaptive threshold algorithm,
in: 2007 11th International Conference on Intelligent Engineering
Systems, 2007, pp. 51–54. doi:10.1109/INES.2007.4283671.

https://doi.org/10.24084/repqj20.329 324 RE&PQJ, Volume No.20, September 2022




