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Research on pedestrian flow prediction of university canteen
window based on BiGRU-Att

DAI Li, ZHU Mengjiao, XIANG Jiawen

(School of Economics and Management, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: In order to optimize cafeteria resource allocation and service management, this paper proposes a combined model
combining Bidirectional Gated Recurrent Unit ( BiIGRU) and Attention mechanism to predict cafeteria pedestrian flow. The model
uses BiGRU to extract the time dependence relationship into the historical data, and then uses the Attention mechanism to screen the
key information, mine the deep features, and further reduce the multi—step prediction error. Experiments on the consumption data of
a university card in Zhejiang Province show that the BIGRU-Att model shows excellent performance in predicting the pedestrian flow
of university canteen Windows. Compared to the single BIGRU and Support Vector Regression ( SVR) , it reduces the mean square
error by 0. 051 and 1. 134, respectively, and increases the R—squared value by 0. 017 and 0. 374. Studies show that the BIGRU-ALtt
model fully integrates the sequence modeling ability of recurrent neural network and the feature weight adaptive learning ability of
attention mechanism, which can more accurately capture the dynamic evolution law of pedestrian flow, and help to improve the
scientific decision—making ability of the catering industry and optimize its service management process.
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