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Abstract:
(CNN) and residual network (ResNet) for multi- station short- term passenger volume prediction of urban rail

This paper proposes a prediction model (ResNet- CNN1D) combining convolutional neural network

transit. The original passenger volume data is used as input of the model. The deep network composed of two-
dimensional CNN and ResNet is used to mine the spatial features between the stations. The one-dimensional CNN
is used to mine the temporal features of the passenger flow. Based on the parametric matrix, the temporal and
spatial features are weighted to obtain the multi-station inflow and outflow during the research period. The model
is verified by the card-swiping data of the Qingdao No.3 metro line. Compared with existing traditional prediction
models (ARIMA, SVR, LSTM, CLTFP, ConvLSTM), the proposed ResNet-CNN1D model in this paper has the
best prediction accuracy.
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Fig. 1 Subway station passenger inflow and outflow
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Table 1 Experimental results of model components
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Table2 Comparisonof classic models

-, - gL A IR K B/ NIK
il i MAE RMSE MAE RMSE MAE RMSE
ARIMA — 26306 43314 28730 53.606 43271 71.655
SVR — 18.024 27.689 16299 24.972 25248 37.102
LSTM 22 LSTM 16429 28.804 16401 27.782 24939 41.142
CLTFP 3ZCNNID 52/ZLSTM  15.140 26.527  14.480 24546  22.063 36.037
ConvLSTM 3 )% ConvLSTM 17.158 30.105  16.190 28.284 25358 42.238

ResNet-CNN1D ResNet+3 /2 CNN1D

15.109 25.718  13.723 23.689  21.428 34.797

T — R AR LB , R B A4
(3) TIZE R AT AT
S 7 ResNet-CNN 1D #5401 T &4 5%,
¥ 10 A 29 H (48 HHFI130 H (CTAE B2k i % 0
Y ECSEE S FOAE T A, il 7 s . Al An 2R
b 3l JE H 0 5 9 e A 27, A 28R Y R I
WS 5 T A H A7 e I S 0 S e e e, B R
T I W b 2 3 R 0 ResNet-CNN 1D #5278 A] L)
i VR 1 TN E) TR H R R e ) B A LA ]
KA Ja iR & T .

—— M e sl

1200
1000
800 r
600
400
200 K

wE/NIR

1%ﬂ29E| 10H30H
1 |
(a) #F ¥k
— HSEH - THRIE
1200 r
1000 |
800 |
i 600
B o400
200 |

10H31H

X

N

0
1029H 10/30H

.
(b) ¥l
B 7 28R 0l % e B A S 0 E X H ]

Fig. 7  Actual and predicted passenger flow of Licun station
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Table 3 Model comparison results
B BV L/ IR Hh b R/ AN IR SX-SIIN/ -
- MAE RMSE MAE RMSE MAE RMSE

ResNet-LSTM 14.844 25.679 14.112 23.991 21.406 34.898 873.313

ResNet-CNN1D 15.109 25.718 13.723 23.689 21.428 34.797 565.719
4 g:ll:l: -L/Q learning approach combined spatio—temporal features
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