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ABSTRACT: Accurate prediction of wind power is an
important means to realize friendly grid connection of
large-scale offshore wind power. Large offshore wind farms
have many units with different states. The influence of unit
state, wake and space-time characteristics on wind power
prediction cannot be ignored. Based on long short-term
memory-temporal convolutional network (LSTM-TCN), an
ultra-short-term power prediction method for offshore wind
power was proposed in this paper, which considered the unit
state, the wake of wind turbines and the spatial distribution
characteristics of wind farms. Firstly, the influence of unit state
and wake data on power prediction was analyzed, and then the
deep learning prediction model of wind turbine operation data
was established based on LSTM, which realized the mapping
of unit health state to operation data, and continuously
corrected the unit health state through real-time rolling of data.
On this basis, the improved LSTM-TCN model was added with
the modules of attention enhancement and random spatial
characteristics weakening. Compared with TCN algorithm and
LSTM algorithm, the proposed method could improve the
accuracy of wind power prediction, especially for the common
sudden change of wind speed at sea. This method improved the
problem that TCN algorithm over-fits spatial characteristics.
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Based on the accurate prediction, it could be further used for
coordinated optimization control of units in large-scale offshore
wind farms, and thus improving the reliability of offshore wind
power output.
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Accurate prediction of wind power is an important
means to realize friendly grid connection of large-scale
offshore wind power. In this paper, the unit state
prediction model based on LSTM is established, and the
wake data is added. Secondly, an ultra-short-term power
prediction method based on improved TCN considering
the spatio-temporal characteristics of field groups is
proposed. Based on obtaining the spatio-temporal
characteristics of units by TCN, the attention model is
strengthened to reduce the dimension of unit data, weaken
the spatial characteristics of random unit, and improve the
prediction accuracy of single unit.

To verify the
characteristics on unit power prediction, Fig. 1 shows the

influence of spatio-temporal
comparison results between improved TCN and traditional
TCN method, as well as LSTM, a common time series
prediction method. LSTM adopts the method of
forecasting power of single unit separately to avoid the
influence of time and space characteristics. All algorithms
train 250 epochs.

Fig. 1(a) shows the real power heat diagram of
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each unit in the wind farm in one day, Fig. 1(b) shows
the result of improved TCN, and Fig. 1(c) shows the
result of TCN. The method in this paper is clear with
the equal power line predicted by TCN, and is basically
consistent with the real data, which shows that it can
well capture the spatial characteristics of wind speed
peak and unit output. TCN prediction results over-fit
the spatial characteristics of wind power, and do not
perform well at boundary details. Compared with TCN,
method in this paper improves the prediction details of
individual units. Fig. 1(d) shows the result of LSTM.
LSTM model has fuzzy boundary of equal power line,
its ability to restore the spatial characteristics of field
group is weaker than the previous two methods, and its
error is larger in peak conditions.

Table 1 shows the comparison of 4-hour prediction
errors of the three algorithms for Unit 1. MAE, RMSE
and correlation coefficient are used to measure the
effectiveness of the model. The comparison results show
that the accuracy of the proposed algorithm is higher
than that of traditional TCN model and LSTM model.
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Fig. 1 Comparison of improved TCN, TCN, and LSTM examples

Table 1 Comparison of prediction errors of three algorithms in the first 4 hours of Unit 1

MAE/KW MAE/% RMSE/KW RMSE/% Correlation coefficient
Improved TCN 87.77 9.65 102.14 11.23 93.08
TCN 92.54 10.17 124.97 13.74 91.06
LSTM 119.36 13.12 139.70 15.36 88.96
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