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Abstract: The capacity prediction of residential charging
stations can provide a reference for its capacity selection and
contribute to the carbon peaking and caron neutrality goals.
In this regard, a data-driven method for predicting the
capacity of residential charging stations is proposed. Firstly,
historical capacity data of residential charging stations are
collected and preprocessed. Secondly, different-sized time
windows are used to slice the data as input features. Finally,
a prediction model combining multi-head attention mechanism
and gated recurrent unit neural network is constructed, and
the features are input into the model to achieve accurate
prediction of future capacity. The results of the case analysis
show that the exponential mean absolute error and exponential
root mean square error of the model are 33.19 and 102.14%
respectively. Compared to other models, the proposed model
significantly improves the prediction accuracy and provides
new insights for capacity prediction of residential charging
stations.
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Fig.9 Comparison of predictions by different models
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Tab.1 Comparison of evaluation metrics for predictions by different models

o A AT T fEL
P e MA-GRU MA-LSTM MA-RNN GRU LSTM RNN BP SVM
eMAR 33.19 33.50 35.20 48.88 54.31 60.53 74.16 415.48
! eguse/ % 102.14 103.43 105.71 107.10 110.37 116.28 125.08 460.38
eMAE 46.19 51.64 53.18 67.22 78.28 87.08 98.65 414.57
2 ermse” %0 130.45 131.55 134.43 135.13 143.35 146.76 164.84 459.39
eMAE 61.00 65.72 81.88 82.47 87.90 102.31 127.83 416.57
3 eguse/ % 156.76 164.12 166.46 173.36 176.19 190.17 250.62 462.23
eMAE 70.88 81.35 82.22 84.17 98.13 131.36 213.94 406.61
4 epyse/ %0 170.30 173.43 177.98 183.86 198.93 214.23 262.98 454.33
eMAR 91.50 105.18 110.02 127.68 134.20 136.82 221.53 401.79
5 eguse/ % 189.05 192.22 206.44 216.53 225.87 229.39 288.77 452.24
eMAE 94.63 116.83 121.44 123.43 144.84 184.13 243.20 399.48
6 ermse” %0 203.82 217.00 224.55 236.08 238.86 270.48 320.22 453.48
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The global push for carbon peaking and carbon
neutrality has elevated the importance of electric
( EVs) of

transportation the widespread

vehicles in our pursuit sustainable

solutions. However,
adoption of electric vehicles is contingent upon the
development of an efficient charging infrastructure , with
residential charging stations playing a pivotal role.
Recognizing the impediment to EV proliferation posed
by inadequate charging infrastructure, the State Council

the

construction of electric vehicle charging infrastructure,,

issued comprehensive guidelines to expedite
underscoring the strategic importance of this endeavor.
In light of this, the accurate prediction of residential
charging station capacity emerges as a critical aspect,
influencing optimal site selection, and ensuring the
economic security of the power grid.

Traditional research avenues have predominantly

explored model-driven methods based on optimization

theories. These approaches, while insightful,
grapple  with  challenges such as modeling
complexity, non-linear dynamics, and limited

adaptability to the dynamic and diverse real-world
scenarios inherent in the field of charging station
have witnessed a

infrastructure. Recent

shift

methodologies, leveraging artificial intelligence to

years

paradigm towards embracing data-driven

overcome the limitations of traditional models.

This study represents a pioneering effort in
proposing a data-driven approach for predicting the
capacity of residential charging stations, integrating
cutting-edge technologies such as multi-head attention
(MA) mechanisms and gated recurrent unit ( GRU)
This approach offers distinct

neural networks.

S3

advantages over traditional model-driven methods,
including enhanced flexibility in modeling, the ability
to effectively handle non-linear and non-stationary
dynamics, and increased adaptability to the complex
and dynamic nature of real-world scenarios.

The steps to implement the proposed methodology
are as follows: initially, historical capacity data for
residential charging stations are systematically collected
and subjected to rigorous preprocessing. Then, the
dataset is intelligently divided into training and testing
sets, ensuring a balanced representation of diverse
operational scenarios. Following this, a sophisticated
deep learning model is constructed, integrating MA
mechanisms and GRU neural networks. This fusion of
technologies allows the model to capture both local
temporal features and long-term dynamics in time-series
data, offering a holistic approach to predicting charging
station capacity. The model is trained using the
historical dataset, fine-tuning its parameters to achieve
optimal predictive performance. Finally, the model is
put to the test using the dedicated testing set,
evaluating its ability to accurately forecast residential
charging station capacity in real-world scenarios.

The results of the case analysis show that the

of the

methodology when compared to traditional model-

superior predictive accuracy proposed

driven methodologies. The incorporation of MA
mechanisms and GRU neural networks allows the
model to recognize intricate patterns in the historical
data and providing more nuanced insights into the
future capacity requirements of residential charging

stations.
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