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A multitask learning model for the prediction of short-term

subway passenger flow

ZHANG Hanxiao,LIU Yuran,LIU Yuan,NIU Zichen

( Beijing Subway Operation Corporation, Beijing 100044, China)

Abstract : An accurate prediction of short-term subway passenger flowscan effectively alleviate traffic congestion and
improve the quality of travel services for urban residents. Herein, we propose a multitask learning-based model for the
prediction of short-term subway passenger flows, which uses a residual convolutional neural network (NN) and a nested
long short-term memory NN to extract the spatio-temporal correlation of traffic patterns, and introduces an attention
mechanism to enhance the feature extraction performance of the NNs. Considering the characteristics of subway
operations, the model selects train operation features, bus stops around subway stations, and point of interest data as
external features to improve the accuracy of the prediction. Based on the historical data of the Beijing Subway, experiments
were conducted in multiple time granularity scenarios, such as 10, 30, and 60 min. The results showed that the
methodsuccessfully modeled and analyzed the inflow-outflow interaction through multitask learning, improved the
prediction performance and generalization ability of the model, and providednovel approaches for the prediction of short-
term subway passenger flows.
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Fig.3 Schmatic diagram of the multitask learning framework
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Fig.4 Prediction model for short-term subway passenger flowsbased on multitask learning
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Fig.5 Temporal distributions of passenger inflows at various functional stations
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Fig.6  Spatial distributions of passenger inflows
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Table 1  Prediction performances of different models with STNN for 10 min intervals

2 T i 2 T

T LAY
Oguisk R? Sviak SRwisk R Oyiak
Ridge 47.66 0.84 26.81 40.17 0.85 21.20
SGD 49.52 0.82 27.80 41.11 0.85 20.31
SVR 42.46 0.84 25.30 34.73 0.87 18.10
GBDT 39.76 0.85 22.13 32.76 0.88 17.69
LSTM 38.49 0.88 20.00 27.78 0.91 15.69
LSTMAtt 33.79 0.92 16.99 24.60 0.94 14.57
CNN-LSTM 29.81 0.95 15.44 23.54 0.95 13.82
STNN 24.02 0.96 13.56 21.11 0.97 12.57

7 LSTMAtt FFE LSTM #1248 R 284 A 1 VE 2 FI ML ; CNN-LSTM AR5 R ] CNN T LSTM #1128 9 24 43 531 %t H A7 B4 2 T HEAE 0 1] 45 10F 19
TTHRHL,
F 2 30 min B[] LB 5 STNN Y F0U: BE b g

Table 2 Prediction performances of different models with STNN for 30 min intervals

2 BT i 2 T
oAy
ORuisk R? Oviak SRuisk R? Oyiar

Ridge 266.84 0.80 120.45 240.41 0.81 110.80
SGD 253.98 0.78 126.04 244.16 0.80 117.90
SVR 193.46 0.85 93.43 152.45 0.82 93.98
GBDT 155.94 0.89 72.10 113.89 0.84 76.69
LST™M 91.27 0.90 59.13 101.62 0.87 58.01
LSTMAtt 85.08 0.94 43.46 73.61 0.94 43.30
CNN-LSTM 89.29 0.91 51.08 91.62 0.92 51.32

STNN 70.87 0.96 36.92 67.37 0.96 35.32
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Table 3 Prediction performances of different models with STNN for 60 min intervals

k25 i T i 25 A T
Ty
Opisk R? Oyak SRuisk R? Oyak

Ridge 547.72 0.72 278.18 534.95 0.73 275.53
SGD 699.85 0.55 374.46 670.31 0.58 355.35
SVR 582.31 0.69 243.29 566.83 0.70 233.96
GBDT 354.29 0.88 162.89 353.80 0.88 174.01
LSTM 204.50 0.89 112.07 173.89 0.91 86.32
LSTMAtt 153.10 0.95 75.13 166.49 0.94 77.97
CNN-LSTM 185.75 0.92 102.11 167.55 0.94 82.40
STNN 136.17 0.96 64.33 142.72 0.96 65.63
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Table 4 Results of the passenger outflow prediction by multitask learning algorithms

. 30 min 60 min
TR A
ORusE R? OyaE OrusE R? Oyak

Ridge 266.84 0.80 120.45 547.72 0.72 278.18
SGD 253.98 0.78 126.04 699.85 0.55 374.46
SVR 193.46 0.85 93.43 582.31 0.69 243.29
GBDT 155.94 0.89 72.10 354.29 0.88 162.89
LSTM 91.27 0.90 59.13 204.50 0.88 112.07

LSTMAtt 85.08 0.94 43.46 153.10 0.95 75.13
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CNN-LSTM 89.29 0.91 51.08 185.75 0.92 102.11
STNN 70.87 0.96 36.92 136.17 0.96 64.33
MTL- LSTM 88.44 0.91 49.86 150.50 0.93 83.95
MTL-CNN-LSTM 75.23 0.95 39.33 164.52 0.95 93.57
MTL-STNN 56.79 0.97 28.14 109.19 0.97 57.87
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Fig.7 Comparison of the prediction accuracies of different multitask learning models
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