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Passenger flow prediction in urban areas based on residual
networks with split attention mechanism
LI Bohan"’, GUO Maozu'?, ZHAO Lingling’

(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Beijing Key Laboratory of Intelligent Processing for Building Big Data, Beijing University of Civil Engineering and Archi-
tecture, Beijing 100044, China; 3. School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001,
China)

Abstract: Passenger flow prediction is an important basis for intelligent management of urban transportation resources
and public safety. In order to comprehensively consider the existing periodicity, trend and suddenness of urban passen-
ger crowd flow itself, as well as the coupling relationship with urban physical and social space, based on the spatio-tem-
poral residual network, this paper proposes an urban fine-grained passenger flow prediction model based on the residual
network of split-attention mechanism with deep spatio-temporal data. Firstly, based on the regional passenger flow his-
tory data of different spatio-temporal intervals, the segmented attention mechanism module is introduced to assign dif-
ferent weights to the data of each modality to dynamically capture the abstract data features of higher relevance; on the
basis of spatio-temporal data, the city functional area attributes are introduced as joint features, which are combined with
external features such as holidays and climate to form a deep&wide network structure to effectively remember the con-
tribution of important features to passenger flow changes. The regional passenger flow comparison experiments based
on Beijing cab data show that compared with the traditional deep spatio-temporal residual network and other classical
machine learning models, [] the prediction model introducing segmented attention mechanism and urban functional area
features can better extract the features of data diversity, and the prediction accuracy is significantly better than other
methods of the same category.

Keywords: passenger flow prediction; spatio-temporal data; deep learning; split-attention residual network; urban func-

tional area; feature extraction; intelligent city; intelligent transportation
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Table 1 Experimental parameters table

SRR ZHUH
HLR KN (batch_size ) 32
FRHEE 58 (map_width) 32
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gR1
SRR ZHUHE
FEAEE B (map_height) 32
AR HERE K B (closeness_sequence_length ) 8
JEI PR JE (period_sequence length) 8
HABPERAE K (trend_sequence length) 8
FRZHouE (num_of residual units) 12
2% (Ir) 0.001
JE W% (num_epochs) 10
i AR (num_of filters) 64
—BrEA TR R T (betal ) 0.8
BT AR RO N 1 (beta2) 0.999
KEEL (nb_flow) 2
FAHEE(K) 4
NG 3B (R) 4
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Table 2 Comparison of RMSE results of various frame-
works under Taxibj dataset

FRAUHESE RMSEii bR
HA 57.69
ARIMA 22.78
SARIMA 26.88
VAR 22.88
ST-ANN 19.57
DeepST 18.1
RNN-3 23.42
RNN-6 23.80
RNN-12 32.21
RNN-24 38.66
RNN-48 46.41
RNN-336 39.10
LSTM-3 22.90
LSTM-6 20.62
LSTM-12 23.93
LSTM-24 21.97
LSTM-48 23.02
LSTM-336 31.13
GRU-3 22.63
GRU-6 20.85
GRU-12 20.46
GRU-24 20.24
GRU-48 21.37
GRU-336 31.34
ST-ResNet 16.89
ST-SANet 14.27
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Table3 Comparison results of ablation experiments

FRRIESE RMSEAif bR

ST-ResNet 16.89
ST-ResNetRib 17.11

ST-SANet 14.27
ST-SANetRib 14.51
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