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Tab.1 Comparison of fitting and prediction performance of different models (Shanghai)
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Tab.3 Comparison of fitting and prediction performance of different models (Hongkong)
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LSTM-Based Forecasting for Urban Construction Waste Generation

Sun Kehua',Cai Ting’, Wang Wei’, Wu Xiaonan', Liu Hongyu®,Zheng Guo'*

(1. Shanghai Communications Construction Co., Ltd., Shanghai 200136, China; 2. Business School, Sichuan University, Chengdu
610065, China; 3. College of Harbour, Coastal and Offshore Engineering, Hohai University, Nanjing 210098, China)

Abstract ; Accurately predicting the amount of construction waste is of great significance for carrying out the re-
cycling treatment of construction waste and guiding the government to formulate relevant policies. However, the
lack of reliable forecasting methods and historical data makes it difficult to predict the construction waste in the
long— or short—term planning. On the basis of the univariate time series data of limited sample points, this paper
puts forward a short and long memory (LSTM) time series prediction method to effectively solve the problem of
construction waste prediction, which involves network structure with dropout layer and the algorithm of network
training and prediction process. Taking Shanghai as a case,compared with other time series prediction models,
numerical experiments were conducted to verify the effectiveness and accuracy of the LSTM prediction model in
the filed of predicting construction waste generation.

Key words: construction waste;short and long—term memory(LSTM) network ;time series prediction;deep learning



