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Multi—factor Rail Transit Passenger Flow Prediction Model

Huang Haichao,Chen Jingya, Wang Shuang, Wang Fangwei
(College of Civil and Transportation Engineering, Hohai University, Nanjing 210098, China)

Abstract ; Traditional prediction model only focuses on time factors. Aiming at that deficiency, a prediction mod-
el which introduces weather factor and considers date attribute was proposed. Firstly, the degree of correlation
between weather factors and passenger flow was determined by significance test. Then, to gradually screen the
low-relevant weather factors, grey relation analysis (GRA) was adopted to calculate the non-linear correlation
between various weather factors and passenger flow. After each screening, the bi—directional LSTM neural net-
work was used to forecast and the GRA-BILSTM prediction model was proposed. The results show that taking
weather factors with GRA value less than 0.6 as input will reduce the prediction accuracy. Compared with the
traditional LSTM, the prediction error of GRA-BiLSTM ,which is obtained by gradually eliminating the weather
factors with low correlation, is significantly reduced on both work days, and non_work days and the convergence
speed and robustness are better than the traditional machine learning as well.

Key words: urban traffic;passenger flow prediction;multi —factor;grey relation analysis;Bi—directional long -
short—term memory network

Citation format: HUANG H C,CHEN J Y ,WANG S, et al. Multi—factor rail transit passenger flow prediction
model[J]. Journal of East China Jiaotong University,2021,38(3) :61-66.

5 B #5:2021-01-16

EE&WB FHZRXAREELTH (52078190) ; 4 H j‘K/\I}i"ﬂ%ﬁﬁ’ﬂﬂkU% (18YJAZH119)

TEHZE B A B (1996—) , T Al -HWF 58 A, WF 9% J7 1) R TR B3 2 >0 78 %8 BE 28l 4538 1) B FH o E—mail : hhe123@hhu.edu.cn ,
BISIESE Rt (1967—) , &, 8042 , WF 58 J5 1) 3 57 28 %8 42 PFAf . E—mail : 13805151397@139.com



62 L ] S 2021 4F
I8 A2 A W R R T R R R AW CIETSEN

iR E A B SR O NN T - A = i D
25 B ) PR 28 R ) e 2 s ) PR B A TR XU
AR, iR R S A a) R & 5
Wi A7 76 S 24 AE R SC R L J& 2 Ak I R LRI E T 1Y)
EE U

2R A IR AR G D AR AU ) LA 51 A AT
HIRRE R A R, @2 A miA
8 - SRR (SARIMA ) , A R = LIRS BE . Sui
GO TR ARBEREBES RAHEZHM LRI Z
TG JAAEAY A3 AT B AR R . Xue S5 H
TF 5% o W TR 3R 56 5 0 B R ), VR 08 R S IE— 45 5|
AN RS ZE, I 50 90F H 0 b 426 % 3 it i 2
A3 ARSI Ni S50 18 Ak B 3 A AR R 5 &
TAR AL R A | i O Y RS B . Tselentis %
VHIE B T — 1AL SR BR M i 22 A e R 1 $K
o RIS | 35 T VR B 2 o B TR A T A R 8 A 5 X
TALEGEALAR % > e SO 25 1 H O JE MR R R
PRI 2= 1 R B R R B 303k (PSO) AR AR 1 B i
1 26 45 (LSTM) I TiE W TR 5 458 U4 T 1% 48 19
LSTM , i 5= U005 A %8 J 2 44 H 2 s r TR A A A
P v A R 58 2 S R TN B AN, R B ASR
R PR 2R, 2 S8 AT AT o A5 S ) DG I Y 0 AR AU 4n
Bf a5 Km0 12 (ST-LSTM)! ) 2481 5 i B jil
(MPDF )!"™2155 th,— 5 i B 1 48 vy T00OKS B8, {HJ2: 51
A Z H R DR FE R R R, 75T
R AIE A5 RS ) [ A 88 v A AR AR R 2 P S A
P E RGBT (PCA) X551 A 2 KR 347 [
A Wl /D RO B R] A S DA SN ) KO AR A 1 4
BURRAE , 45 4 %) S8 0050 12 (BILSTM ) 3 Jat i )
W5, 2R SE S Y Pearson A5G 23 B 15 #iE
B 5 m R i 5| AR R 48, B R AF
138 FH M

2 8] B ) PR 38 5 U R = (A A A 1
LR, HATE X Z £ 5% 8L RN
B, ARCHRH—F 2R FZ @S, E R B
EHR R REN RN E RS S K 2T
AMHE RS, PRl GRA IR RN R 5 & i
FEMAEL S R Ak, R GRA {H & 5 i vk 5
BREEAR A K AR, PR AR 70 42 R B e )i 2R FH IR
JE 2% 2 /) BILSTM #4770 , #4 # GRA-BiLSTM &
B[] I 5 A G T AR R AT X 36 AR R

1 HiEwmishE

1.1 HEHAEREXESHT

U A2 38 % i A R 1 WY JE I3 3k N WY e ]
WA 2= XA 2017-01-01~2018-09-30 % /)N it
HLIE 223 R T, B B IR i S S R i) B
Je IR N AR — | ORI R R AT R A AR
Ky RAEE R A X EEZEEMRERR, R
BRI 7 K AR KRR R R K &
i AU ORACIRAL . X e A A Y B B SR &
Bt R 1 B HEAT IR UE AR AT 8 R BRI | A B
15 246 %, ZIEBI TAEA S TAEHR , ABEB AT
52 R ZE AR DA A 45 % 3 ek 2008 76
TAE H 538 TAE A AR W RHAE K B %154
TAEH (A 8T &) SAETAEH (A 34 TI4),
Y2

K Person M6 2B 16 KA 5 K w
AR, FIH ¢ SGh kK R E RN ERES
B R34, 45 Rk 1 s, Person &
BRI 0.4, FYRIHESGE R IR H R
AR A R ZRAE 0.05 /K EAFAE 3
25 AR A S S R R

F1 REAERMBXEDH
Tab.1 Correlation analysis of weather factors

KAHEE Person Z 4t PfE
Rk 0.042 0* @ 0
] LR 0.016 5* @ 0
2 5 0.023 8* @ 0
KAE 0.017 1*@ 0.000 1
T E 0.128 4* @ 0
Pag 3 0.137 5* 0.029 8
KA -0.007 6* @ 0

I % FORTE 0.05 K LAFTE R E 2R @K R TE 0.01 K

12 IRBXREKEST

GRA 2K G RGHE P —MZNRLE I
Wi W — ARGk AR H it AT s B il R A



55 3 3 Hi

a8

« 45 [ 3 0 3 2 e O BT 5 63

Pl TR AR LA e, A BAR R
il i 2 2 % 7 RS T A B B LA E
SRR DU J32 A A i D 3% ) 56 AR ik 5 . R &R
X AL AR B 5 IR AN R AT B AY ZRE 5C &R R AT GRA
X AR B AR e ok R AT #E— 20 A, P R
¥

1) BiE RG2S %5 780 (% i E) FELE Y
FI(RAHE) .

2) &R 5 R RR R 5 AT 0 A
P A B 3 B AN Ta] B 49 B 52 ), 25 08 ) 2 i 2R
R i R 45 1 g AL R O — B[, 1],

3) R TS KT B R A

min min [ xo(k)=(k) [ +pmin min [xo(k)-(k)|

SO B ) [spminmin [ ()b (P
SR LE (h) KRR RO S5 KA A 1 T
Bk AL 2 1058 (k) H — L0 % i
B (k) W — AL R 29 0 WA R p
I ST R R 25 R L [X B ) B R 0.5,

4 VPRI T

= Y Eh) 2)

Krb.m HRSHZHRAE

KA S B A 2 R A 2 5 % 0 A
MBI N ;K> > T > M > 7 T > H
RS T L

R2 REAHEREBXEKE

Tab.2 Grey relational degree of weather factors
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Fig.2 Optimization of neurons number in the hidden layer
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Fig.3 GRA-BiLSTM prediction results on weekdays and
weekend

MWE 3T LLAEH, B EEA T T/AER, R
F RN FE 4 R 4% (GRA-T) , Hmi i i
YN FHEEFRAHRRZMMHEME (GRA-0),
XU DR BT A R SR AR R A O AS BE 4R T
DR B2, Romi B oy R EMR M RREES A K
HEERELXNELR, MY TIIZGdBEUA
TREA IS TN ORS B M RIS Ll GRA B A
0 6 G B I ) R AR & U 5 22 A BT ARG,
X2 PR Oy A S oIS DG B R 1 R A YRR AR
F30

RAWZEX TAE A 54 TAE B % i 0520
FEFE i 22 5% 78 TAE H IR, (0% B8« KRR
P2 45 (GRA-6) 1% 22 e/, X BE B T4 H & ik
A2 R Z BN, K RAEEHE Y TI0
ARIMERT BRARRIRL B 2= S R fEdE TAE H Y
(] [ Bf 2 e KA TR B g A KU T Y
P2 45 (GRA-3) R 22 5/ X BEBHEAE TAE A Y
H R 2 KA FL A R, X e KA R AR RE 4
P25 ) 2 75 O D [l 5200, p 2 2RI el 4 )
LRI R R E L GRA HH R T 0.6, Y
KANESEREN GRA HE T 0.6 B, A 1IN
1Z N 25 R ARV AR DGR ) RE = i 48 I 46 1Y)
TR FE

AR 1) WAL I JE R S R T 1 I e TRD i
T 2RI T AR S, B, R B iEAR B GRA i K
AR ZE X o 2 I £ WSS BE S e, A TR H
S4B TAE B b 700 R e AR 1 R 2 45 5 GRA-O,
GRA-7 Il Zrad B2 LOSS fh £k b 47 %F Lb , 45 238 4
K 4 B,



53 4

i, 2R

&=

T S U PO A B AT 5

65

3.2 WAL

0 20 40 60 80 100 120 140 160 180 200
B UCE
(a) THER

450

SRy 6 AR TR 0] K [ L A P 0 A 2R %o
ZFp RS Z MR 530K LSTM #2846 Bl
HLARAR (RF) | $5e /I 3 S5 ) it AL (LSSVM) 1 oy ik
HERIRY . LSTM ok 5 J5 155 AU AH W] 9 2 80 & RF
T AR AR % 22 56 B F B L LSSVM. il
BT SRe FH AR A 0 o S B S0 e, g, TN 45 2R
K 5 i, SRRIZ GRA AR % 2% RMSE
RT3 3, S AL 1 0 285 MR e 3R

400 =GR/\—I

= GRA-S
I GRA-7
ézso .
L200
<150 F

100
50 |

BiLSTM

600

GRA-0

B ——1GRA-2
I GRA-3
350 - E==mcrA-4

.’15 300 |- N GRA-6

LSTM RF

(a) TA/EH

LSSVM

BOR, BACSIOH JE i ]

O 1
0 20

40 60 80 100 120 140 160 180 200 500 | mmmmcra-

=
5, o

BARREL
(b) dELAER
4 THEBS5EEIEBRSEETLE
Fig.4 Comparison of convergence rates on weekdays and
weekend

Al LA A 4B R 1) GRA-0, 531 3% 3
T K I a) L, SR

N
(=)
(=)

O |

BiLSTM

RMSE/ N1R
[\) O8]
()] (]
(] (]
T

—_
o
(=}

GRA PR, 1t 22 o 265 Wi S0 B2 5 4 v, Il R 5

RE A E , H R 00800 T 1% go i Al

 CRA-0
1 1 1 ) GRA-1
[ IGRA-2

EEEEGRA-4
EEEGRA-S
I GRA-6
I GRA-7

LSTM RF
(b) - TAER

5 IEBS5FTHEBRNKREN L

Fig.5 Comparison of prediction model on weekdays and

LSSVM

GRA-7, weekend
£3 TEMMEENRSERHNE
Tab.3 Responses of different prediction models to weather factors

TR GRA-0 GRA-1 GRA-2 GRA-3 GRA-4 GRA-5 GRA-6 GRA-7

BiLSTM 101.820 106.594 103.404 111.683 107.197 107.143 96.074 97.801

LSTM 379.748 406.818 414.948 417.665 419.368 423.477 424.399 419.875

TAHEH

RF 345.448 350.999 347.065 343.107 351.159 337.072 339.018 338.503

LSSVM 428.961 428.910 420915 416.934 416.883 410.352 422.809 419.527

BiLSTM 162.452 159.979 163.317 137.108 154.140 158.598 152.996 142.709
LSTM 509.638 485.281 484.179 479.542 468.398 481.065 451.010 462.690

ETAEH

RE 483468 497767 484635 462719 515944 450.903 382875 404.876

LSSVM 533.444 525.766 515.329 511.010 503.062 492.631 481.774 481.143
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