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ABSTRACT:[Objective ] Wind and solar energy play a key
role in energy transformation due to their clean and renewa- ble
characteristics. However, their output is restricted by natural
conditions and has strong randomness and volatility, resulting
in a significant increase in the difficulty of power prediction.
Therefore, improving the prediction accuracy and efficiency of
the two has become an urgent problem to be solved.[Methods]
This paper proposes a temporal convo- lutional network-gated
recurrent unit ( TCN-GRU ) wind and solar power prediction
model based on improved com- plete ensemble empirical
mode decomposition with adaptive noise ( ICEEMDAN )
and surrogate safety-aware bayesian optimization ( SSABO ).
Combined with adaptive bandwid- th kernel density estimation
( ABKDE ), interval prediction is realized to quantify the
uncertainty of output fluctuation. Among them, the ICEEMDAN
algorithm effectively sup- presses the modal aliasing problem,
reduces noise interfe- rence, and fully extracts data features
through adaptive sig- nal decomposition. The TCN-GRU model
simplifies the model structure and improves the computational
efficiency. By introducing SSABO to optimize the key
parameters, the convergence speed of the model is faster and the
optimiza- tion accuracy is higher, which significantly improves
the training efficiency and prediction accuracy.[ Results ] The
research shows that the ICEEMDAN algorithm effectively
solves the pseudo-modal problem, and the data decompo-
sition effect is better than the traditional CEEMDAN. The
prediction error of the TCN-GRU model optimized by SSA-
BO on the wind power and photovoltaic data sets is greatly
reduced compared with the unoptimized model. The cover- age
of ABKDE interval prediction at different confidence levels is
better than the theoretical value, which verifies the reliability

of the model output uncertainty.[ Conclusion ] The model is
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suitable for theprediction of different energy types, and has high
accuracy and efficiency, which provides an effective solution for

wind and solar power prediction.

KEY WORDS:wind-solar complementary power generation
system;power prediction; CNN-GRU model; bayesian opti-

mization;interval pre- diction;prediction error; stability
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Fig.1 Flow chart of wind power-PV integrated forecasting
system
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Fig.2 Original wind power and PV data
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Tab.2 Benchmark model error index statistics table
PAEITE [l eMAE ERMSE EMAPE /%
BP 0.771 4 0.959 6 43.340 6
ELM 0.436 4 0.5163 19.662 4
LSTM 0.3379 0.3886 13.344 3
HUHL
GRU 0.2852 0.394 4 8.352 1
TCN 0.2955 0.3777 8.9359
TCN-GRU 0.249 6 0.300 0 12.0122
BP 0.656 1 0.9224 354922
ELM 0.426 5 0.560 2 17.768 7
LSTM 0.3770 0.3850 20.949 9
PN
GRU 0.295 1 0.396 6 13.3217
TCN 0.2336 0.282 6 14.134 4
TCN-GRU 0.202 1 0.240 3 12.587 6
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Tab.3 Error assessment indices for point prediction results
for wind and PV power data
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Tab.4 Evaluation index for interval
prediction of wind power
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