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Safety prediction model of building projects based on RS-PCA-SVM
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LI Yongqing,

Abstract: In order to reduce the occurrence of safety accidents in building projects, a combined safety
prediction model of building project based on RS-PCA-SVM is proposed. Rough set(RS) theory was
adopted to perform attribute reduction for data, eliminating crossover and redundant information, re-
ducing the dimension and computational complexity of input variables, and reducing the training time.
On this basis, principal component analysis(PCA) was used for dimension reduction to remove the
principal component with low contribution, and the principal component with high contribution was
taken as the input variable of support vector machine(SVM). Particle swarm optimization(PSO) was
used to optimize the parameters of SVM model to avoid the blindness of selecting parameters of SVM
manually. The results show that the average prediction accuracy of this model is 93. 78%. Compared
with the traditional method, the prediction accuracy is higher and the calculation speed is faster.
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