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Abstract: The prediction of the urban crow hotspots is of great significance to the public security emergency decision. The urban crow
hotspots always evolve rapidly with the changes of time and space. The key to accurately predict the trends of the urban crowd hotspots is
how to explore and utilize the spatio—temporal correlations of the hotspots. We propose a hybrid neural network model based on deep
learning ,namely CNN-seq2seq—attention ( CSA) model, for the urban crowd hotspots predictions. Considering the spatial correlations
among hotspots areas, the eigenvectors of urban hotspots are extracted through the CNNs model. Also,CSA is combined the Seq2Seq and
Attention mechanism to model the time cycle rules of crowd hotspots for the certain time segment in continuous days. Meanwhile,in view
of the uneven characteristics of urban crowd hotspots changing with time, an improved time divisions method is designed in CSA , which is
an unequal time periods division method based on urban daily schedules. In this paper, the urban taxi track dataset of 3 consecutive
months is used in the experiment. 7 days per week are identified as seven featured—days,each of which is divided into 7 time segments.
The mean square error (RMSE) is the evaluation index. The experimental results show that the traditional methods including PreHA , HA
and ARIMA are not as good as neural networks, and CSA can get better accuracy. Moreover, compared with Seq2Seq and CNN -
Seq2Seq, CSA can reduce the prediction errors by 6.4% and 3.8% respectively.
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