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Electric vehicle charging station charging forecasting based on multi-feature extraction
and multi-level transfer learning
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(1. College of Electrical Engineering & New Energy, China Three Gorges University, Yichang 443002, China;
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Abstract: Electric vehicle charging station charging forecasting is crucial for charging station planning, construction, and
marketing strategies in charging management platforms. However, newly built or upgraded charging stations may face
problems of missing data for some time periods, insufficient historical data, and difficulties in capturing complex input
features with shallow neural network models. Therefore, a charging forecasting method for electric vehicle charging
stations based on multi-feature extraction and multi-level transfer learning is proposed. First, the K-Means algorithm is
used to cluster users’ charging frequency over different time periods to obtain four types of charging behavioral features.
These are integrated with other influencing features to form the model’s input feature set. Next, a parallel-connected
multiscale hybrid temporal convolutional network (TCN) layer is designed as the feature extractor, followed by two
BiLSTM layers for deeper feature learning. An Attention layer is added to strengthen individual feature selection. Finally,
charging station data from source locations are classified into correlation levels, and data are fed into the model in a
weak-to-strong correlation order through multi-level transfer learning. The training weights with the lowest loss function
value are retained to obtain the final prediction results. Case study results show that multi-level transfer learning can
compensate for the lack of data samples in new or upgraded charging stations. Compared to direct transfer learning, the
proposed method reduces the mean absolute error (MAE) by 10.75%, decreases the root mean square error (RMSE) by
13.73%, and improves the R* by 0.4%.
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Table 2 Silhouette coefficient clustering result
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Fig. 1 Clustering diagram of user charging behaviour
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Fig. 3 Source charging station data segmentation process
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padding=casual
dropout_rate=0.1
Concat —
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Activation = ReLU
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EER)E

Activation = Sigmoid

Loss = MSE

B2

learning_rate = 1x107*
Optimizer = Adam
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Fig. 7 Correlation between charging volume of charging

station and each characteristic
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Table 6 Comparison of model error metrics with/without

considering user charging behaviour

FRAE R EL MAE/kWh RMSE/kWh R’
NEERFHEATH 40.86 51.92 0.959
HEFHAT N 20.59 26.13 0.989
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Table 7 Comparison of error results of improved TCN and

BiLSTM with different number of network layers

HBER  M%)ZEH MAEAWh  RMSE/KWh R
2 )2 57.36 72.24 0.920

R4 TCN 3 )z 54.12 69.53 0.928
4 )2 53.81 69.04 0.928
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Table 8 Comparison of prediction error results of

different models

TRIAR A MAE/kWh RMSE/kWh R
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Table 9 Comparison of prediction errors for different

migration strategies
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