wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

EFRERIRERE SR N ER A ERER
28 ®IVR HER B FXig

SIRAAX

FEE &R HER B EXREETHFAREERANEIbSERETNI]. HETRZ
2023, 50(7): 213-220.
MAO Huihui, ZHAO Xiaole, DU Shengdong, TENG Fei, LI Tianrui. Short-term Subway Passenger Flow
Forecasting Based on Graphical Embedding of Temporal Knowledge [J]. Computer Science, 2023,

50(7): 213-220.

BN EEE (SERXINEE IE SR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETREEENERRUGIEAERTTIE

Adversarial Malware Generation Method Based on Genetic Algorithm

HEMREEE, 2023, 50(7): 325-331. https://doi.org/10.11896/jsjkx.220800176

ETREFIRIEKI PVt TN EE
Deep Learning-based Algorithm for Active IPv6 Address Prediction

HEMREEE, 2023, 50(7): 261-269. https://doi.org/10.11896/jsjkx.220700076

[ H A —E SR9HRe tina N et BRGNS AR
Study on Single Background Object Detection Oriented Improved-RetinaNet Model and Its Application
HENRSE, 2023, 50(7): 137-142. https://doi.org/10.11896/jsjkx.220500066

EF B SRR =4% Bira R

Review of 3D Object Detection for Autonomous Driving

HEMNEEE, 2023, 50(7): 107-118. https://doi.org/10.11896/jsjkx.220700090

RRU RSB R KB TRUAESR
Exploring Station Spatio-Temporal Mobility Pattern:A Short and Long-term Traffic Prediction
Framework

HEHRIE, 2023, 50(7): 98-106. https://doi.org/10.11896/jsjkx.220900109


https://www.jsjkx.com/CN/10.11896/jsjkx.220600120
https://www.jsjkx.com/EN/10.11896/jsjkx.220600120
https://www.jsjkx.com/CN/10.11896/jsjkx.220800176
https://doi.org/10.11896/jsjkx.220800176
https://www.jsjkx.com/CN/10.11896/jsjkx.220700076
https://doi.org/10.11896/jsjkx.220700076
https://www.jsjkx.com/CN/10.11896/jsjkx.220500066
https://doi.org/10.11896/jsjkx.220500066
https://www.jsjkx.com/CN/10.11896/jsjkx.220700090
https://doi.org/10.11896/jsjkx.220700090
https://www.jsjkx.com/CN/10.11896/jsjkx.220900109
https://doi.org/10.11896/jsjkx.220900109

http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI: 10. 11896/jsikx. 220600120

B T B Fr 0 R B HR O\ B A5 HA 3 K 3 i 2 T

EEE BNFE HEFR H% % EXH
HERBAARFITHENEGEALEEFR KA 611756
(hhmslt@163. com)

W OE s kému’i?ﬁzﬁ'ﬂ'f{-%‘mi&ﬂ?*" BRI T TAER TR MR, B AETUM R RN H RSN ERE, 4
sHILA xR AR FRAEEGANABRERAETRZEGNARBET AL T A& B %% AN (Temporal Knowledge (xrdph
Embedding)éﬂ,/‘\{&f— M % (ResNet) Fo K 42 #1321C M 4 (LSTM) 69 42 B o 4k B8 T 77 ok , M Ak TKG-ResLSTM, #s,4
HEZREHEMAEARSGRZATH Ao B @ APl BERARARA PR SO HIEIERATEN, RE.H
WRB I IEATHEABRRGEIAMEE, BAFATRAEAF TGRS EAZTAMNER P T RBKAEAZTRMNES, &
B A AT A THERERAZTHIESL, 5 A £ 10min, 15 min 7 30 min & & 18 18 [§ T # 47 £ F4E., 4R £ %H TKG-
ResLSTM #6435 A A M Fh B M4k 3E S S A R A BHEX L E R A SN AZT L0 H 0L T . 48 ResLSTM, TKG-ResLSTM £ 3t
Mk B AE R 10min B JE) 8] §a T 69 TR 3 5 ARR 2 KT 0,41,

KB .REFT ot St B i S N 50 SN GR T KM%

mEZESES  TP391

Short-term Subway Passenger Flow Forecasting Based on Graphical Embedding of Temporal
Knowledge

MAO Huihui,ZHAO Xiaole, DU Shengdong, TENG Fei and LI Tianrui

School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756, China

Abstract Subway short-term passenger flow forecasting is an essential component in urban subway operation, and it aims to
forecast the passenger flow of subway stations in a short time in the future. Aiming at the problem that the existing methods fail
to make full use of the passenger flow information of stations,a short-term subway passenger flow forecasting method based on
temporal knowledge graph embedding combined with residual network and long short-term memory network is proposed, which is
called TKG-ResLSTM. First, we use subway passenger flow data to construct a temporal knowledge graph of subway passenger
flow,and apply the graphical embedding of temporal knowledge to obtain the dynamic patterns of subway stations passenger
flow. Then, the extracted dynamic patterns of passenger flow are converted into dynamic similarity matrices and applied to the
forecasting architecture of subway passenger flow based on deep learning to complete the subway passenger flow forecasting
task. Finally, experimental evaluations are carried out at time granularities of 10 min,15min,and 30 min using the Beijing subway
and city A subway passenger {low datasets, respectively. Experimental results show that TKG-ResLSTM can effectively extract
the dynamic patterns of subway stations passenger flow. Without using external information, TKG-ResLSTM reduces the root
mean square error of forecasting by 0. 41 compared with ResLSTM in the time granularity of 10 min of the Beijing subway data-
set.

Keywords Deep learning, Temporal knowledge graph, Spatial-Temporal forecasting, Dynamic embedding, Citywide metro net-

work
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Table 1 Beijing subway passenger flow data
Station Inflow/Person Outflow/Person Time
Xidan 22 3 2016-02-19 05:00—05:10
Xidan 41 11 2016-02-19 05:10—05:20
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Fig.1 Schematic diagram of subway passenger flow
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Table 2 TKG for passenger flow of Beijing subway

s r o Real flow value t
Xidan inflow 1 22 2-19-1
Xidan outflow 0 3 2-19-1
Xidan inflow 2 41 2-19-2
Xidan outflow 0 11 2-19-2
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Table 3

Statistics for TKG of subway passenger flow

Number of Number of relationship

Dataset

Number of quadruples

Number of quadruples Number of quadruples

entities types in training set in validation set in test set
Beijing 10 min 466 2 119232(75%) 19872(12.5%) 19872(12.5%)
Beijing 15 min 549 2 119232(75%) 19872(12.5%) 19872(12.5%)
Beijing 30 min 761 2 119232(75%) 19872(12.5%) 19872(12.5%)
City A 10min 281 2 72576(75%) 12096(12.5%) 12096(12.5%)
City A 15 min 317 2 72576(75%) 12096(12.5%) 12096(12.5%)
City A 30 min 431 2 72576(75%) 12096(12.5%) 12096(12.5%)
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Table 4 Results of TKG embedding

Datasets/
atasets MRR  Ha@1/% Hu@3/% Hit@10/%

Indicators

Beijing 10 min 0.4114 27.56 48.27 66. 45
Beijing 15 min 0.3207 18.70 37.23 59.16
Beijing 30 min 0.2773 15.51 30.75 53.81
City A 10 min 0.4422 29. 39 52.11 72.64
City A 15min 0.4423 29.53 51.60 73.39
City A 30 min 0.3675 22.51 41.82 66. 84
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Fig. 4 Subway station embedding in the morning and evening rush hours of subway in city A
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Table 5 Prediction results of subway passenger flow
Beijing subway passenger flowdatasets
Model 10 min 15 min 30 min
RMSE MAE WMAPE /% RMSE MAE WMAPE /% RMSE MAE WMAPE /%

ARIMA 50.5436 27.3968 15.530 79.9580 42,2139 15.950 189.3329 100. 3590 18. 950
RBF-SVR 72.3753 61.2418 34.700 118.5395 100. 286 1 37.630 256.0734 206.0826 39.330
BPNN 45.6946 24.5322 14. 240 73.3083 40. 8457 15. 450 163.9720 87.1259 16. 810
Vanilla RNN 49.6506 26.2275 14. 750 74.6021 41,4159 15.430 127.9259 71.8328 13. 840
LSTM 37.1903 21.9925 12.710 53.9216 29.5340 11. 290 96.3534 55.8265 10. 760
GRU 44,9115 24.7353 14. 330 56.6550 33.0309 12.560 86.6984 52.0717 10. 030
CNN 29.8125 18.5460 10.413 40.2673 25.1231 9.375 64.0458 39.6867 7.472
ConvLSTM 28.7943 17.4780 9.814 37.0923 22.4236 8. 380 61.4978 36.9768 6.962
ResLSTM-GCN 30.0706 17.4331 9.775 36.7801 21.6615 8.099 59.7289 33.6304 6.334
TKG-ResLSTM-S 33.0726 19.3005 10. 856 42.9536 24.5391 9.165 68.3067 39.7635 7.487
ResLSTM-No W&.A 29.6219 17.6344 9.911 38.7386 23.0008 8.589 60.1340 34.1360 6.428
ResLSTM 28.3661 16,6318 36,0444 20. 8783 7.805 56.9649 32,5819 6.134
TKG-ResLSTM 27.9609 16. 4257 35.7266 20.4850 7.660 57.5938 32.3309 6. 090
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City A subway passenger flow datasets
Model 10 min 15 min 30 min
RMSE MAE WMAPE/ % RMSE MAE WMAPE /% RMSE MAE WMAPE/ %

ResLSTM-GCN 20.9699 12.1141 13.760 26.8179 15.2489 11.508 45.4617 24.2477 9.466

TKG-ResLSTM-S 22.7666 12.5296 14, 242 31.5256 17.3283 13.199 50.9626 26.4578 10. 297

ResLSTM-No W& A 20. 9656 11.6319 13.257 26.5445 14.8427 11.230 44.1183 22.8548 8.916

TKG-ResLSTM 19.9086 11.1759 12.749 27.1942 14.7396 11.179 45.0700 23.6160 9.188
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Table 6 Impact of traffic class on prediction results, taking Beijing

subway as an example

Beijing 15min

Class Number of
Indicalc\)rs entities RMSE MAE WMAPE/%

1 4048 38.6796  22.5123 8.410
20 549 35.7266  20.4850 7.660
40 422 36.4540 20. 8894 7.803
60 377 36.0087  20.5210 7.671
80 355 36.2602  20.9121 7.820

1000 283 36.9822 21.3716 7.989
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