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as a key constraint on the safe extraction of deep coal resources was analyzed. While a multi-parameter monitoring
system centered on "stress-vibration-energy" coupling had been preliminarily established, conventional methods
still face challenges in warning accuracy and efficiency. Artificial intelligence technology, leveraging its strengths
in pattern recognition and nonlinear dynamic modeling, offers a new pathway for rock burst monitoring and early
warning. In this paper, artificial intelligence advancements in microseismic data processing, source parameter
computation and rockburst risk early warning models were systematically reviewed. Specifically, in microseismic
data processing, deep learning methods have established an automated workflow encompassing denoising, arrival
picking and event classification, which significantly enhances information extraction efficiency and reliability. For
source parameter computation, the data-driven paradigm is extensively applied to source location, focal mechanism
inversion and energy estimation, which improves parameter inversion accuracy and computational efficiency.
Regarding risk early warning models, research is shifting from traditional physics-driven analysis toward intelligent
modeling integrating multi-source data, which offers a novel pathway for dynamic assessment and precise
prediction of rock burst hazards. Finally, common challenges such as model interpretability, multi-source
heterogeneous data fusion, the coupling of mechanistic and data-driven models and the lack of standardized
benchmark databases were summarized, aiming to provide a theoretical basis for advancing rockburst warning

methods toward greater intelligence and precision, ensuring safe and efficient deep coal mining.
Key words: rockburst; artificial intelligence; deep learning; monitoring and warning; microseismic monitoring
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Fig. 1 Technical framework for rock burst monitoring and early

warning empowered by artificial intelligence
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Fig. 2 Rockburst monitoring system based on "Stress-Vibration-Energy" three-field coupling
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Fig. 3 Flowchart of intelligent processing method for microseismic data based on deep learning
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Fig. 4 Flowchart of the denoising method based on signal processing
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Fig. 5 Example of denoising results for microseismic signals
based on deep learning
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(c) SNR=24.05dB

(d) SNR=21.27dB
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Fig. 6 Examples of microseismic event recognition for deep learning models under different signal-to-noise ratios
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Fig. 8 Flowchart of automatic microseismic event localization method based on deep learning
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Fig. 9 Flowchart of microseismic focal mechanism inversion method based on deep learning
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