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Signal field strength prediction method for high-speed railway base stations
based on the TCN-MHSA model

YU Xiaobo"’, PENG Yi'

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming, Yunnan

650500, China; 2. Kunming Communication Depot, China Railway Kunming Group Co., Ltd., Kunming, Yunnan 650011, China)

Abstract: Signal field strength measures the power of signals transmitted by base stations along high-speed railways and directly
affects wireless network coverage. Predicting field strength enables railway communication maintenance enterprises to monitor the opera-
tional status of base stations in real time, and helps operation and maintenance personnel plan network optimizations and identify and
mitigate potential hazards. This paper proposes a signal field strength prediction model for base stations, which combines a temporal con-
volutional network (TCN) with a multi-head self-attention (MHSA) mechanism. Using Abis interface data, this model employed TCN as
a feature extractor, leveraging its dilated causal convolution mechanism to expand the receptive field and efficiently capture multi-scale
temporal dependencies. The MHSA mechanism captured features across different subspaces, processed data in parallel, and selectively
extracted information across different dimensions based on their importance, thereby enhancing the model's ability to predict field
strength trends. Experimental results on Abis interface datasets show the TCN-MHSA model outperforms the convolutional neural net-
work (CNN), long short-term memory (LSTM) network, and bidirectional long short-term memory (Bi-LSTM) network models in the
following indicators: mean absolute percentage error (MAPE), mean square error (MSE), root mean square error (RMSE), mean absolute
error (MAE), and R square (R’). These results indicate the model's strong predictive performance can provide decision-making support
for the quality monitoring of railway communication networks and future network optimization.

Keywords: high-speed railway; temporal convolutional network; multi-head self-attention mechanism; Abis interface; field

strength; prediction
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