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Abstract: The demand response of urban distribution networks is a critical area of study, particularly in the
context of rail transit systems. This work focused on the ultra short-term load forecasting of integrated energy
consumption in rail transit, considering the unique characteristics of peak values and periodicity in the load of
metro thermo-environmental system, which are influenced by changes in climatic conditions and passenger flow.
A hybrid deep learning-based approach was proposed for ultra short-term load forecasting, utilizing data from
various sources, including real-time energy consumption of thermo-environmental system, passenger flow
counting via face recognition, outdoor meteorological parameters, and thermal environment conditions inside
stations. This approach addressed the challenge that the prediction accuracy of radial basis function (RBF) neural

networks depends on the number and positions of radial basis centers. To improve the accuracy of the ultra-
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short-term load forecasting, the k-Means method and particle swarm optimization (PSO) algorithm were

employed to optimize the optimal number and positions of radial basis centers in the RBF neural network,

sequentially. This optimization process enhanced the model’s ability to capture the complex relationships

between the various factors influencing the integrated energy consumption in rail transit. The effectiveness of the

proposed method was validated using actual passenger flow data from subway stations in Wuhan. The analysis

demonstrated an accuracy rate over 97 % , highlighting the efficiency and practicality of the developed model for

ultra-short-term load forecasting in the context of rail transit systems.

Key words: Hybrid Deep Learning; Radial Basis Function neural network; Ultra-Short-Term Load

Forecasting; k-Means Clustering Analysis Particle Swarm Optimization Algorithm
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Fig.1 Typical RBF neural network architecture
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Fig.2 Flowchart of KM-PSO-RBF Hybrid Deep Learning Prediction Model
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Fig.10 Hourly energy consumption predicted load for model based on different algorithms for a typical period (8/7-8/13)
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