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Prediction model of rail transit passenger flow in rain and snow weather

FENG Shumin, LIU Hao, LI Laicheng
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Abstract: For improving the rail transit passenger flow prediction models under rain and snow weather conditions,
and the

indicators of passenger flow benchmark and passenger flow deviation rate were introduced to quantify the passenger

the passenger flow data of Harbin Metro Line 1 from December 2017 to January 2019 was studied,

flow of rail transit. The fluctuation rule of rail transit passenger flow under rain and snow weather conditions was
analyzed, and a WI-LSTM prediction model was proposed based on the temporal and spatial fluctuation of rail
transit passenger flow in rain and snow weather. The mean absolute error ( MAE ),
(RMSE) ,
proposed model was compared with SARIMA prediction model, support vector machine (SVR) prediction model,
and the LSTM prediction model without considering rain and snow weather. Results show that the WI-LSTM model

root mean square error

and mean relative error ( MRE) were used as the evaluation indexes of the prediction model. The

considering rain and snow weather could make full use of the fluctuation rule of rail transit passenger flow in rain
and snow weather, and achieved higher accuracy and reliability than the other three prediction models. The
proposed WI-LSTM model further improves the accuracy of rail transit passenger flow forecast in rain and snow
weather, and can provide data support for the operation and management of rail transit enterprises.

passenger flow prediction; rail transit fluctuation rule;
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Fig.1 LSTM memory cell structure diagram
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Fig.2  Scatter plot of passenger flow deviation rate under
different weather conditions
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Tab.1  Correlation between precipitation and passenger flow

deviation rate

KA Pearson FHICHE AU EHE  FEARE N
TAEH PR <10 mm 0.006 0.974 36
TAEAMEHR =10 mm  -0.856 <0.001 17

TR B R -0.907 <0.001 21
e K 0.774 <0.001 23

Tﬁzaﬂii,ﬁéﬂﬁid‘? 10 mm A, FEW S
FU 25 R YA SE R ECH 0.006, B 3 ToAH G
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Tab.2  Passenger flow fluctuation range and fluctuation duration under different weather conditions

RAHA BRI 24 h [#7KH/mm B X 1A B SRS /b
/N 0.1~9.9 -10% ~10% <10
T 10.0~24.9 -13%~0% <10
Feri K 25.0~49.9 -18%~—14% <10
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e 0.1~2.4 0% ~39% 0~52.5
A g 2.5~4.9 41% ~79% 54.9.0~102.8
e RE 5.0~9.9 80% ~ 160% 104.3~140.0
#E KL =10.0 =160% =140.0
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Fig.3 Flow of rail transit passenger flow prediction model under

rain and snow weather

3.1 LSTM #£ M4 ill %

D) YIERER 5 MR R 7 o T 46 H5His Ak 2 S 3
G RS T, HIT 80% Y Fi i 1 S 15 00 11 25 55 4%
£ J5 20% (AR AE A Tl il s 45 s 4

2) B IH—1k, kil G A A 1 B A )
L, P 25 A I — A B S 4 — e A, HA A
N

y = o — (9)
’/n—lgl@i_n?ZxJ
3) WI-LSTM Z %ty i, R Python 4815 5
A8 Tensorflow 45 WI-LSTM I 2548 250 1 7 i 4
AU HEANSZIGTE Python Keras JiEH 58 1%, id 12 ¥R oo
AR A I 76 PR B Tanh AT Sigmoid PRAL. >R H
Phcharm IDE #4174 #2, 4ad e & 5256, i 2 WI-
LSTM %t A )2 a2 Fidi i 240 1 )2, Basil 2 id
{CHRICH 10, FEAFELE B L3S . H W BEoK = %
IRAFLERT R DL A JE I 5 45 T B R i il 8 X
() R L U0 A 8 B 38 Ao S 3 A5 T A5 7 5
TSHILE 3,
#£3 WILSTM T35 4
Tab.3 WI-LSTM prediction model parameters
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Tab.4  Comparison of performance indicators of different prediction models on rainfall days
Dayl Day2 Day3 Day4 Day5
PR AR
MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE
WI-LSTM ~ 87.765 107.967 0.093  62.235 78.305 0.117  53.941 73.545 0.109 48.485 66.926 0.109 46.012 63.814 0.109
LSTM 86.647 108.924 0.088  68.206 88.034 0.117  65.196 90.009 0.115 64.941 87.572 0.124  63.529 86.032 0.124
SVR 99.529 118.454 0.145  85.412 107.349 0.149  79.784 103.019 0.139  82.559 103.717 0.141 78.506 98.972 0.139
SARIMA  117.529 143.696 0.158 101.324 125.241 0.157  88.137 112.037 0.161 78.088 101.241 0.158  68.153 92.283 0.152
x5 BREEEMNEREREERXT L
Tab.5 Comparison of performance indicators of different prediction models on snowfall days
Dayl Day2 Day3 Day4 Day5
W EEER
MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE MAE RMSE MRE
WI-LSTM  174.941 243.424 0.080 122.706 185.227 0.089 106.510 163.046 0.082 96.132 146.547 0.088 90.318 136.603 0.086
LSTM 1 018.7061 401.757 0.319 720.382 1 052.114 0.404 543.157 871.844 0.304 443.132 761.817 0.249 382.059 687.609 0.217
SVR  1067.7651 427.388 0.359 769.294 1 085.279 0.426 590.333 902.679 0.337 503.926 797.074 0.290 443.612 722.727 0.254
SARIMA 1 034.5881 408.139 0.351 747.676 1067.173 0.466 573.510 886.599 0.353 482.397 778.816 0.298 435.353 716.454 0.271
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