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Risk Identification of Multi-Source Index in Goaf Based on Optimized Extreme Learning Machine Model
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Abstract: In order to improve the prediction accuracy of multi-source index risk identification in goaf, based on the particle
swarm optimization (PSO) algorithm to optimize the input weights and thresholds of the extreme learning machine (ELM), a
PSO-ELM method was proposed to identify the risk of multi-source indicators in the goaf. Nine indicators, including mining
depth, mining method, goaf height, the maximum exposed area, the maximum exposed height, the maximum exposed span,
mining pillars, measured volume, and control rate, which affect the risk of goaf in a mine in South China, were used as the
main input values, and 135 measured goaf data were used as an example to predict the hazard level of goaf. The research results
show that the prediction accuracy of radial basis function and traditional extreme learning machine is 88% and 92%,
respectively, while the prediction accuracy of the extreme learning machine model optimized by particle swarm optimization
algorithm is 96 %. Compared with radial basis functions and traditional extreme learning machines, the PSO-ELM algorithm
performs better on the test sets, has a better stability and generalization ability, possess good guiding significance and
practicality, and is suitable for practical engineering applications.
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Table 2 Factors affecting the risk of goaf and samples of some hazard levels
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1 130 1 35 3 589.0 35.00 39 0 57 481.1 0 1

2 130 1 20 1 208.0 0.99 24 1 12 141.3 94.4 1

3 130 1 35 1735.0 5.97 28 0 31 595.7 96.3 1
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