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bile communication LTE signals for activity recognition. Firstly, effective features of channel state information were

extracted based on cell reference signals. Then, signal processing methods including noise filtering, Savitzky-Golay

smoothing, peak-valley enhancement, and Gramian angular field transformation were applied to construct the motion

dataset. Finally, the enhanced image data was input into the LTE-ACN model, in which the improved ConvNeXt ar-

chitecture effectively reduced the feature information loss while the incorporated convolutional block attention mod-

ule (CBAM) attention mechanism enhanced the expressive capability of key features and strengthened the feature cor-

relations in the spatial domain. Experimental results demonstrate that the proposed method achieves an average accu-

racy of 96.44% in the six actions recognition, verifying the feasibility of LTE signal-based human motion recognition.

Key words: mobile communication network signal, CSI, HAR, attention mechanism, convolutional neural network
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