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Prediction of ice accretion on wind turbine blades using spatiotemporal
features and siamese networks

HAN Huabin, GAO Bingpeng, CAI Xin, SUN Kai

(School of Intelligence Science and Technology, Xinjiang University, Urumqi 830017, China)

Abstract; The accurate prediction of wind turbine blade icing is essential for the safe and stable operation of wind
power systems. To address the challenges of insufficient feature extraction, unclear distribution of multi-dimensional
sensors, and class imbalance in few-shot learning scenarios, this paper proposes a prediction method based on a
residual graph attention network-bidirectional LSTM-siamese network ( ResGAT-BiLSTM-SN ). First, the
supervisory control and data acquisition ( SCADA ) data is processed through data cleaning, sliding-window
sampling, and feature engineering, resulting in a blade-icing dataset suitable for various few-shot learning tasks.
Second, based on 19 key variables, a non-fully connected undirected graph is built using mutual information ( MI)
and a weight matrix to capture the spatial distribution and correlations among sensor data. By integrating the graph
Attention network ( GAT ) and the bidirectional long short-term memory network ( BiLSTM ) to extract
spatiotemporal features, the ResGAT-BiLSTM-SN model is developed to perform 24-hour-ahead icing prediction on
the constructed dataset. Simulation experiments are conducted using the data from turbines No. 15 and No. 21
provided by the 2017 Industrial Big Data Innovation Competition platform. The experimental results show that the
ResGAT-BiLSTM-SN model achieves F1 scores above 0.9 across three few-shot learning scenarios, significantly
outperforming other baseline models. Compared to the GAT-BILSTM-SN model, the proposed model demonstrates
clear improvements in predictive performance, validating its effectiveness and superiority.
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Tab.1 Wind turbine blade icing dataset
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Fig.4 MI correlation matrix of the preferred variables
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Tab.2  Structural hyperparameters of the model
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Tab.3 Comparison of baseline models
/A ResGAT-  PSO-ConvLSTM-  TS-FCNN- X B
b8 BISTMSN  Transformer LSTM Transformer ~ ASTGCN ~ ST-GCN TL LOSGAN  GRU CNN  IF¥EbR
0.955 4 0.809 1 0.849 1 0.79%4 6 0.9286 0.8125 0.8257 0.8309 0.7107 0.6936 Accuracy
- 0.980 4 0.736 4 0.836 4 0.7313 0.9434  0.829 0.826 0.7410 0.7751 0.6619 Precision
0.9259 0.677 8 0.827 8 0.907 4 0.991 0.851 0.8361 06631 0.8130 0.797 Recall
0.952 4 0.701 9 0.8419 0.809 9 0.9259 0.8489 0.8293 0.7013 0.7936 0.7553 FI score
0.964 3 0.763 6 0.823 6 0.869 0 0.8393 0.7946 0.8125 0.8165 0.7081 0.6533 Accuracy
2 0.9750 0.676 3 0.79 3 0.816 3 0.8182  0.7895 0.7424 0.7340 0.7474 0.6380 Precision
0.951 2 0.613 3 0.883 3 0.952 4 0.8491 0.8036 0.9245 0.6379 0.8102 0.7421 Recall
0.9430 0.638 7 0.838 7 0.879 1 0.8333 0.7965 0.8235 0.7152 0.7781 0.7205 FI score
0.910 7 0.636 4 0.806 4 0.7143 0.7857 0.7768 0.7946 0.7810 0.6825 0.6232 Accuracy
3 0.961 5 0.591 2 0.761 2 0.600 0 0.7636  0.7460 0.828 0.6267 0.6703 0.6067 Precision
0.862 1 0.575 1 0.8751 0.713 0 0.825 0.7903 0.8636 0.6427 0.79%44 0.6929 Recall
0.909 1 0.577 8 0.797 8 0.724 1 0.7978 0.7899 0.8321 0.7052 0.7444 0.6634 FI score
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Tab.4  Ablation tests on different model structures
INHEA ResGAT- GAT- GAT- GCN- . -
Yt BiLSTM-SN  BiLSTM-SN  BiGRU-SN  BiLSTM-SN BiLST™ LS AT CeN b
0.955 4 0.919 6 0.8839 0.8214 0.776 8 0.767 9 0.589 3 0.544 6  Accuracy
-~ 0.980 4 0.924 5 0.943 4 0.842 1 0.714 3 0.680 0 0.609 2 0.536 1  Precision
0.9259 0.907 4 0.8333 0.888 9 0.909 1 0.862 3 0.8154 0.8966  Recall
0.952 4 0.9159 0.885 0 0.864 9 0.800 0 0.796 9 0.697 4 0.671 F1 score
0.964 3 0.916 7 0.8929 0.821 4 0.7857 0.6310 0.547 6 0.464 3  Accuracy
_— 0.9750 0.907 0 0.8750 0.916 7 0.708 3 0.600 0 0.542 4 0.5357  Precision
0.9512 0.928 6 0.897 4 0.733 3 0.894 7 0.886 4 0.744 2 0.468 8  Recall
0.943 0 0.917 6 0.886 1 0.814 8 0.790 7 0.715 6 0.627 5 0.5000  FI score
0.910 7 0.8750 0.869 0 0.767 9 0.732 1 0.603 6 0.553 6 0.500 0  Accuracy
N 0.9615 0.833 3 0.8333 0.680 0 0.700 0 0.611 1 0.577 8 0.486 1  Precision
0.862 1 0.9259 0.857 4 0.862 3 0.777 8 0.666 7 0.8125 0.8750  Recall
0.909 1 0.877 2 0.891 1 0.796 9 0.736 8 0.637 7 0.6753 0.6250  FI score
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Tab.5 Examples of different dataset splits
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Fig.8 Model generalization capability bar chart for different
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