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Abstract: The current model for the post-earthquake economic loss assessment of buildings has
low evaluation accuracy and efficiency. In this work, the neural network method is improved, and
the application of the LM-BP neural network in the post-earthquake loss assessment model of
buildings is proposed to resolve the problem of the easy production of the local extremum by the
single neural network. The input sample elements are five factors that affect the post-earthquake eco-
nomic loss of buildings, and the output samples are the evaluation results of the post-earthquake eco-
nomic loss of buildings. The LM-BP neural network is used to transform the training set into the least-
squares problem, and the number of hidden layer nodes is redefined through combination with the LM
algorithm. The model based on the LM-BP neural network for post-earthquake economic loss evaluation

is constructed and used to obtain the optimal evaluation results for the post-earthquake economic loss of
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buildings. Simulation results show that the minimum evaluation error of the proposed model is 0.1%.

Given its high accuracy, the proposed model is a more reliable model for the assessment of the post-

earthquake economic loss of buildings than other models.

Keywords: post-earthquake; construction economic loss; LM-BP neural network; least squares;

evaluation
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Fig.1 Economic loss assessment model based on neural

network for post-earthquake buildings
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Fig.2 Training steps of LM-BP neural network
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Fig.3  Economic loss assessment model based on LM-BP
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Table 1 Influence weights of input variables on

output variables
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