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Abstract; Earthquake magnitude estimation is one of the important tasks in earthquake early warning. Accurate
earthquake magnitude estimation is critical to quick judgment of earthquake influence areas and timely release of
earthquake warning information. Existing methods usually extract the characteristic information based on the
acceleration time history of a single station to estimate the magnitude, and then obtain the result by the multi-station
averaging method. In this paper, an end-to-end magnitude estimation model ( GAT_M) is constructed using a
multi-input graph attention network algorithm. The time history of multi-station seismic acceleration within 3 s after
the first P-wave is triggered is input into the GAT_M model. The multi-station seismic acceleration waveforms within
3 s after the first P-wave are used as the input of the GAT_M model. In this study, the strong earthquake data from
of the K-NET strong earthquake observation network of Japan Institute of Disaster Prevention Science and
Technology were used for model training and test experiments. Within 3 s after the first P-wave triggers, the mean
error and standard deviation of magnitude estimation are —0.077 and 0.40 respectively, and R” is 0.72. The effects
of magnitude, time window and number of stations on the performance of GAT_M model are also analyzed.

Simultaneously, within 3 s after the initial P-wave triggers, the GAT_M model demonstrates a reduced magnitude
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estimation error compared to the traditional Pd method. In the case of complex sample data, the GAT_M model has
a greater advantage and can be better applied to magnitude estimation.

Key words: graph attention network ; earthquake monitoring and early warning; magnitude ; multi-station
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Fig.1 Schematic diagram of the GAT_M model structure
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Table 1 Network structure of the GAT_M model
[ 2 JR 2 ARl 9 2 22 5] H RN LB A P2 TCEE/ A i HARRAE
A2 MR P Nx30000
FROE S GATconvl 4 512 Nx512
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Fig.2 Distribution of earthquake epicenters and stations for seismic data
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Fig.3 Sample diagram of acceleration time history after preprocessing
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