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Passenger flow prediction of urban bus stops based on deep learning
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Abstract: [Purpose] The changing trend of passenger flow at urban bus stops is inseparable from
the temporal and spatial characteristics. This paper aims to capture the temporal and spatial
characteristics in passenger flow of bus stops. [ Methods] Firstly, the graph convolutional network
(GCN) was used to capture the spatial characteristics of the passenger flow; secondly, the gated
recurrent unit (GRU) was employed to capture the temporal characteristics of the passenger flow ;
thirdly, a passenger flow prediction model of bus stops based on deep learning was developed and
named gated-graph convolutional network (G-GCN). Finally, the passenger flow data of 512 bus
stops in Zhumadian City were divided into three time granularities of 30, 45, and 60 min, and the
G-GCN model was utilized for prediction. The prediction results were compared with those of the
baseline model. [ Findings] The root mean square errors of the G-GCN model are 2.35, 3.00, and
3.57 at the three time granularities, reducing by 19.60%, 24.40%, and 26.40% compared with
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those of the other baseline models. [Conclusions] The research results break through the

limitations of predicting passenger flows in public transport within regular areas and provide

technical support for the optimization of urban public transport organizations.

Key words: survey and prediction of passenger flow and passenger volume; intelligent

transportation ; deep learning; graph convolutional network ; gated recurrent unit

Foundation items: Project (202030) supported by Science & Technology Progress and Innovation Project from

Department of Transportation of Hunan Province; Project (CX2021SS12) supported by Graduate Research

Innovation Project from Changsha University of Science & Technology

Corresponding author: LU Yi (1964—) (ORCID: 0000-0002-5426-2343) , male, professor, research interest:

intelligent transportation. E-mail: 2985086508@qq.com

0 3l

[l

398 17 52 38 SR 1 4 4 ) LA A2 B A . AR
PRAZ ) LY A R A8 2 — AL S & S A 5 3
LAZ 3 143 e B4R e R AR 3 T 32 38 3R 45 1 1
T2 58 3l o5, %6 i 0000 A 5% 2 L e — A 3R
T T B AT R A s A 5 Ag
BEMSE, W iR R AR 5 b
E=SLIpTE SIUEREE i N

H R, BP9 A2 35 0 FH N () ) B A 7 ik 4 7
INSER TR ST o A ) T AR AR 3 A A HE
BATE AR | e L o A Pl A5 R 200 A A AR 5
TR E T A Sk - A BEE
B X6 J B 8 22 B i EAT T S0 5 o e AR
ST T SR TCRE M B BR8P B 5
TANSE R WA WINORG B 5K AR S B0
TR IR S 0B W AR N 38wk SR N A st
FAZAE Y BT R0 1 B e 1 i 1 A ST T
FE T AR ) SR A 28 oK R R B T ASE AR I S
AR T EL AT o T TRIORG B AR A AR T
— b T SR R R R B AR AR R 2 2T BILAY 2
2 il g, S s R R | 2R R LA AR G ) AT
PEAZ AL PERE LU 25l 8 32 ] GPS £ R A A
A8 Gl SR 1 0 A4 DX 38N A8 s, R S 1)
AL A 7 DX 8k N 58 I AR TR I B 9 R
%5 s SUN S 0 T B TURRAIE , SR I Fast (G Bk 1Y
AR A AR LN [ [ )3 28 N 2% T 8 58 4R B
it s MA S S AR ) 9 5 vk of 100 52 38 TR
St HRAS Il 0 SO AR 5 2w R A A K e

\

-

1y

Y

2 s 8P
m i
> Z W

H

112 M 2% (long short-term memory , LSTM ) Fitil /3 38
ARG, I BRI 4 B —E iz ik
fil 75 LIU S5 0RE 308 7 DX 38 ) 3 Sk 0 0] P 445 2 1
et FH e 2 ) 25 ke 2 ) 245 ok 0 X082 32 % i, MK
717 A 2850l G, 17 e AR T ) R ZHAO S5l T
—Fi A B R 2% (graph convolutional network ,
GCN) FT1] 45 38 5 5. € (gated recurrent unit, GRU)
B B (8] & 2 B 4% (temporal graph convolutional
network , T-GCN) #& #Y |, Jf H 7 A [\ 1) B4 46 15
HE Tz AR T RE

IR, % 25 U T 400 88 F) 0T 5 AT 1 48 22 1
SR AE 5 A A2 R W PO AR G RIS R
Ji PR AT BETE T 3T 2 32 ol 5 5 i B WO B AT
—E WXMERE o A, TN J7 2 R B B R e vk
T 2 LIRS B Y 25K . R B9 s SF- 24 Chistory
average , HA ) B A0 UK SE B4 ok 10 AR AR B, HL
FORS I BE AR, I ny A H— R A R L
f% fiE s ﬁ& LA 312 ?H“: & [l (Support vector
regression, SVR) AR ZE 1 Gt 11 (0] 5 45 YAV i 4 2
R AERE . HLass: ] BA BB 2 ] R4t
ARG AL, DGR T % Tk A I ) A DG (H 2208 T
FUL IS AR DG PE . R 2 28 I 4 10 SR A 45 42
YU B 25 (B AH S R AT RE , o 2 S8 ol i
TSR A T B AR S

ABIFSE 1 S 8 FH A ) 3 kTl A 3 il i
TR s SR, B GON AT GRU 45— Fh A 520t 1
25 Ui PRI AL A RV T] 4 E]  BUM 4% (gated-graph
convolutional network, G-GCN) L&Y | FF 4 £ 24 58 0
SIS 2 A G s R J L ZEAN ] ik AL T F0
TS R IE T T R T AR

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



156 RO mIREER(ARMER)

202542 A

1 RARERERFMESN

1.1 ZEFES

8 A8l i B AT R 2 Y S (R AH OGP 55
M H iy 76 8 A8 4k % AR SR A A8 ul s &, A
AT BB M N A LR (A BT A ol . PR A B A 3
22 % T (1R St 3 P R A A A 4 T 1) [T, B
LB A, LS5 4 20 28 0 A 8 T 1) 23 (1)
AH A

Wy Wy Wy
Wy Wy 0 Wy

A= ! (1)
Wy Wy ot Wy

T A Ry 9 28 TG [ P11 PN SR 5 4 5 0 1 X Ol T 4%
TG 1) PE B3 05 500, SR 0 A5 1 R )26 R E RV
22 R] P AF S A DG 7 B

A AT 5 22 (B O AR DG PR 8 B 152 0 1, AN AH %
T 2 ) A A OGP B R B R 0, I X (1) #5 b
H(2),

0 1 0
A=| . . . (2)
() () 0

1.2 EHE4FES

O3 A2l R T A A I ) A R T AN W AR AL . 7R
AR H WA AR R s 20, 2 A AR .
I, Dy S B B A 5 2 R R R I BB 1 2 U ) A —
JE TR BE RS20 o AR SCAR B2 38 il d i — J T —
KFNY K0 D5 s B 20 % AR B ok R R AR R
K, Rl

— (QZ) y (QT) y (DT)
Xn,z_Xn,z Xn.l Xn,z (3)
[,.(QZ) (Q7) oo (QZ)7]
xl,t—m xl,t—m+l xl,L
(QZ) (Q7) (QZ)
Xay- R R 7 )
> S B (@)
(QZ) (Qz) (Qz)
L% t-m Xnli—m+1 R
[,.(QT) (QT) ee (QT)7]
Xii-m X1 i-m+ X1
(QT) (QT) e (QT)
XI(IQ:] — xz,f—m x2,z:m+l x2.,z (5)
(QT) (QT) e (QT)
L% i =m Xni—m+1 X,y
[,.(DT) (DT) e (DT)7]
x].,,m xlvl*m+l xl,z
(DT) (DT) (DT)
REA 2-m+1 T Koy
x| T S @
(DT) (DT) e (DT)
—xn,t*m xn‘lfm+l xnz—

X, N AT B 0 T B B SE
SRR s R SRR ] AR (QZ) L (QT) AN(DT) 43
SR T — 8 R — RS R X XD R XY 4y
A8 58 3 B n ARG — & HT— RN KA ¢ B 2
DT S BB s m R BE B, JIA B8 30
B T S R A B

4

2 ARMRERBNELR

2.1 BEERME
FIG R4 A B2 4, ie g ab #L A
ZREISEME B Z B 5 iz O . HET,
P14 BRI 26 2 ok T o7 FH 5 el &1 425 H
B KG A5 45008, O FL B 2 M BB ST A8 SR
9558 — A SRR E H M AR 5, B 36 BN
KAE B 2 26 B BRI G B IR EUA 32k SR
TR ZS (R AH S, B
XU =R, (DBDXOWD + b)) (7)
B=A+1 (8)
K XS TR 2555 1+ 1 )2 PRI B 5 R,
R PR DeR™ R A BT S R s B oA A
FEHE I s X eR™ R n A1 RSB L2 BRI R R | H
o om R REIE R BRI B S s W eR™ S m AT SR
LI 2545 2] B B R R, b | SR AU R 14 57
FE5 s beR™ g i 5] 5t ; TeR™ Ky B J 7
1265 RO 6% 1 D5 0 4 s, P R A I B %] 1~
2N . MASHLIN 25 H4 & 1~2 AT LA HY, GCN BEfE
PR ST AR o R R A 1SS, GON
AHABTT A0 12 B FRRIEAR B B 20 3 AT Al G, i 4
FHAR Y 207 8 MU RRAE AR BB 45 6 BEAT Rl & 5 4%
i, GCN A HEAR LR 4 3.5 F1 6 A RRAE 5 B 219 41
4 HEATRLG s SRJE , GON A SR HEA R A T Ty 5

1 R¥EYE2H
Fig.1 Original nodes

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



F2EE 1M

FELFOATRE

E R RO R A R S i R 157

E2 HAARBEMARE
Fig.2 GCN operation principle

Fim X, NE R A 2 4 FUZ HE B A W 25
P P v AT R O T  CRL G AN A R85 10 IO RRIE AR
BB JE  GON YN ZRAFE{F B 2% A B AL, O
Hh e AR O ASCER R I, AR IR O 14 2 () R AR
22 [HEBFSAT

R EPSNITINIEIR EPS d P s A A P S
U S R 2 — o BT, RZEW 5 &l
JH 8 VT 48 28 (X 4% (recursive neural network , RNN) 3
T PE R ) AH DG P20 RININ K 4 412 2 30 s () A
A L A2 Bl = A 4R R U0 I R] AR OC 1 19 BB T .
LSTM H1 GRU R LA A i U5 4o 22 19 24 19 A 1, o7
T R B 2 LSTM I GRU R 48 AR [7] fry i
AR UL, e b A 55 A A R TR B T4 AL
TR P I A UE B . P X BIFE T GRU A
A REAIZE R ] B SR D N S B R AR A
P, SOl AT GRU SRAR P2 I AR SG 1 o ARG
Forkh(9) ~ (12),

2 =0 (WX, h_ ]+b) (9)
rr=0{W][X,h,_ ]+b) (10)
g =T{(W[X,r,xh_]+b,) (11)
h,=(1-z)%h,_, +zX%g, (12)

oz R, B e B 20 0 s A B AR s R
WA A% 3 B 2, WO B 5 X, RN 38 ol s 18 ¢ 1if 220 52
HRHIEAR B s bR A 53 50 ¢ R =1 B 220 i 1S 08 7%
T fe B M EE ], B e B 200 5 s A 80 3 e R
o MG REGW R SRR r A E g Mt
oy 221 28 0ok o A B B A RIS S5 TR
BRIVES s W, R AR R B2 () AL 5 b, b, F1 b, 53 0l DA AH
F14) i i o) 2

[, 7E o B 2208 X, IR AR R i AT iR
KR HRAE I S B by, TN 3 R

B3 dz@)afasHh
Fig.3 Structure of GRU

2.3 G-GCN#HEAIFEZE

G-GCN TAEA RN T - & 56, 18 Bl GCN Hifi #2
IS AT R B A AR OG5, SR T GRU Al 2
ONBE S R T I [RDAE DG 5 SR LB X, AR R B
B T A B il T B SRR AE A R 5
Jo A X, e R R A B R s
TR U HE 220 AN 8] 4~5 FF 7R o ASBIF 5 2% W
J2 19 36 I B T B B[R Gk

A (none,512,15)
AT A AR
Lk (none.512.15)
A (none.512.15)
BT 45
i (none.512.9)
S - 1'I)‘HAU)\ (none,512.9)
[ T4 I BT
it (none,512,30)
A (none.512.30)
Ji FAALEL
i (none. 15 360)
HIAN | (one.ls 360)
LR —
ity (none,512)

4 HERHTAE
Fig. 4 Data flow process

x| x| [xe]
HE i | L

- [ZHE] (Leen ] { ooy | =

= i i :

(Cery}——{ewT}—{Teru

| [WRIARE I | |

" oo oo

- i

BS5 ARsEEFERTAAELIER
Fig. 5 Passenger flow prediction model framework for

bus stops

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



158 kI XFFHROEAHAF M) 202542 f
5 e - E sy = " 7 2/ (13)
3 HIEAES SR w= 2w a)
EY\’[AF::E"XI_'&;J/IL (14)
3.1 HiET b IR ic1
AL S JE T A Sl -R REEW R IC %N
WISCACHE L B T A S RGeS PR o B { (15)

i, B R L EE E AR A DT .

IR B 7 B B T T T X8 512 4S8 38 il st 5 B

R 46 H 1 2020 4F 10 H 12 H 450 H 1 K

20204 11 H 29 H . A Tkl T4E B R L

HX I 2 S B, AR 5 Bk B SR T

YEH 7:00—19:00 A HFFEAFRIBE , Q3% 1 fis .
F1 ICFRFLE

Table 1 IC card swipe record
32 5y i) il 3k A5
2020-10-12 07:10:17 ENIIpNI:]
2020-10-12 07:11:24 Kt
2020-11-29 18:59:45 AN SEPG
2020-11-29 18:59:48 SN

AR BREFE 435 L 30 .45 F160 min Ay i E]AE
JE R B HEAT Ge R a3, O 8 R o 8 R AE O B A
Hedl , FHA L 60 min S B [DRLEE 1 2 I 4 1T an 3k 2
JoR o AE BB AR 22 [, BT A A B 38 i
IN=E KAREAR DT A R A R [0, 1 R 8 . 7EXT
FEIFAN v, T 26 30 A5 S K 2 0 T 2 g 1 R
5 ELR AR EHATR . 538 HIS 5L
Bl R VI ZRABE A | d5 Ji — S 1) 280808 9 o D3
iR,

Fz2 60 min B ] kT 3 SE S B IR LT
Table 2 Passenger flow statistics at bus stops under time

granularity of 60 min

IS B 7:00—8:00 | 8:00—9:00 | -+- | 18:00—19:00
ERAR 34 11 37
JLFE 24 19 30
Krf gt 35 24 55
H—mh 30 23 46

3.2 EHIERR

AR SCR FH 0 25 AR B RN LS B 2 )
(1% 22 VE 0 H6 A L I F R 1T f A5 80 1) 790 00 44 i .
AR (13) ~ (15),

i=1 z :
X
j=1

2 Ese s Eyae E e 7301 0 ¥ TR IR 22 1Y
26500 1R 25 AT B 46 X0 A 3 FE iR 25 5 n R T A 5
FETF 197 38 0l S B 5, T o, 35 R 0 58 3 A B
FY LS %, R TO0E .
3.3 SHEIEE

AR SCEL R S50 A IR E 2P K (4,
5.6.7.8) WIZRHHt K (8.16,32.64,128) Fil K] 45 FH
1(6.9.12.15.18) o AHIF 5T R 145 il 722 £ 125 55 5
ToU 2 A5 S, A5 Bl DEAN 48 s B e 5 R 1) A T 2
#0, I LA 60 min B )67 BE Ry 5], % LU 45 P00 S B0 AR AN
] BT 00 T B PP 46 A o ASTRLIE ] 28 2P
ANTRI I St v AN [ T 26 R A 1y 330 25 28 4 i)

Kl 6~8 it/ o
3.70 2.12 0.365
" Bryse
o By
A By 1210 10360
{208 {0.355E
= =
4 & %3

. \
\ N\ 12.06 40350
N
\

3.55 L L L 82.04 10.345
s E) 7 11 4B
E6 REBIEE2-FKegIRR LR

Fig. 6 Prediction effect of different time window step sizes

4.20 2.16 -0.375
—m Byse
4.06 - o B 10370
2.13
A
Exgyare y 0365
392+ =
2 =
= 2.10 40.360 =
& =
378+ Lqé
0.355
Lot 0.350
3.50 L L L 2.04 J10.345
8 16 32 64 128
LLER(RYN

B 7 R B SRR 6 TR AR
Fig. 7 Prediction effect of different training batches

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



F2EE 1M

PRFATRE

3.9 224 4039
o Epysg
o Eye 1220 Jo38
38 e
. SN, —A— Eyyare
: \
1037 &
S5 =
37t E
1036
3.6+
4035
35 L L L 1034
6 9 12 15 18
[SESAvES

B8 & FE M AR AR
Fig. 8 Prediction effect of different graph

convolution kernels

H 141 6~8 R AL - 24 i B 2 BT ) o 12 Kl
6 YN ZRALI N 16 B4 By 15 I, 500 80CR 7Y
VU bR U fre/MEL . 3 W AR SRR E A8 1AL
TR S B ST B

4 FMERSH

4.1 TR

T VEH AR SC G-GON 55 7Y 1 3500 4 g, A< AT
5% LLBE T 17 B A 512 A4 28 o 5 R A0
S E s L B G-GCN 55 HA \SVR .GCN ,GRU /I
T-GCN iX FLFP FEL A R4 74T b, W 9~ 11 B .

5G] I AT L AIL#S 2 2] D5 VAR H TR
2 > J7 1% I 0 Ak R R fn e 5 U R R A 2
205 B B e AR R vk i s AR A P o5 . R TR
2 2] )55, T-GCN 5 G-GCN ¥ B [a] i 4l 412 it
2 M AE R BE T AT IR 8 T GCN 5

6.4+ [T HA ﬁ B GRU
U )svR - o Qe [ |T-GeN
6N & da . Edecen
el
48+ =4 7 sgw
7B = 1
5 g NS &
= SR o <
Lrs: 32F & [; § g - b
NS
16}
0.0
30 45 60
B )AL B /min

9 = AbEFIE AR TR R TRRIAL R 69 3 Oy AR AR £
Fig. 9 Root mean square errors of different prediction

models under three time granularities

E R RUE R A R e L 159
48 - e
v £ [Jsw
. £ 5 e
36 @ 7 B GRU
= 7% 7> T-GCN
&5 8k, EJ6-6eN
v o~ o ?m |54
24+ —— o o — o
AN S o i S
o~ S‘“ (= g‘ !
AR e [t
—IS 88 =
12+ N %
0.0
30 45 60
B [ADRE B /min

Bl 10 =Fbaf ik 2 T R B TR AR A 09 34 ik 2
Fig. 10 Mean absolute errors of different prediction

models under three time granularities

1.00
— HA
& )svr
075l 2 RN GON
£ S o [EEEloRU
= Z 2 [ ]T-6eN
5 B © 7™ 7le E=JG-GCN
050 SIS Faa S5 Qg _
o33 M can o S,
N NN
025
0.00
30 45 60
s} TERE B /min
B 11 = AP et T R R T AL A 6 AP 3
WA E 4 IR £

Fig. 11 Weighted mean absolute percentage error of

different prediction models under three time granularities

GRU Iy . 3xX 3R], Bf () REAE 5 25 (] R4 47 e 8 X
INTE U AR I I AR A R

A ) b AR T A B RLAE 30,45 .60 min =
sk TR B2 18 0 250 5, TR < R X At T 2
BLAY, G-GON SRR, LI IR 22 By T Y B
%7 19.60% . 24.40% F1 26.40% , V- ¥ 4 % i 2%
Eye FY AR T 17.00% ,22.00% F1 23.20% , fill L
S 24 246 6F T4 HEAR 22 By AR T 16.40% |
19.80% £1121.80% .
4.2 NRHW

AR S B — 3l 5 7 30,45 160 min B [E] 47
JEN R AR — R E LK RGBS
W2 A5 B AT 805 43, O Jr s A A 1 93 I e
fE. HE 12~14 0] A1 78 =R RDRLEE T, R 2
> BRSPS e ) T B AT R A I LA OR

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



160 kv EIXFEFER(OEAHFRK)

202542 A

X ik — 2P U« FE TR 2 2 18 23 5 v TR T
LRSI S R K W P SN IR SR R NI LTRSS
ik, AT By TR LB T3 4t 7 T A2 1 U

[
5.0 —— A

0 L L L . .
2020-11-30  2020-12-01 2020-12-02 2020-12-03 2020-12-04  2020-12-05

- - - T
K30 - -
HSAH Py}
< ’
1
07:00 08:30  10:00 11:30  13:00 1430  16:00 17:30  19:00
1]

Bl 12 30 min B )4 T 3 — 35 &89 e TR ROR
Fig. 12 Fitting prediction effect of a certain stop under

time granularity of 30 min

- - - T
Seof i
u]ﬁ 40 ‘\
bes 20

0 L . L . |
2020-11-30  2020-12-01 2020-12-02  2020-12-03  2020-12-04  2020-12-05
H 9

o7 (i
- — — T
Zao — 2 &
530k 7

=2 o
W 20F
&

10 L L L L . L L .
07:00  08:30  10:00 11:30  13:00  14:30  16:00  17:30  19:00
i ]

Bl 13 45 min B 45 BT 56 — 35 % 69 e T sk
Fig. 13  Fitting prediction effect of a certain stop under

time granularity of 45 min

100
% 5 - - - T
o ——
~ L \
]
he 40
& 20

0 . i L . |
2020-11-30  2020-12-01 2020-12-02  2020-12-03 2020-12-04  2020-12-05
H

- - - il
ot -

0 . . . . .
07:00 09:00 11:00 13:00 15:00 17:00
i [R]

Bl 14 60 min B ) £ 2T 3 — 35 & 69 B0a- T 2OR
Fig. 14 Fitting prediction effect of a certain stop under

time granularity of 60 min

5 g

A A S F i I T 5T £ R G T BAA A AL
24 e 7 i RVRE S DX Il i 20 1 SR X
Il T A B S vl A U A T A i = 5T I

S DR Ay 3t IR 26 B B AN 5 5 AR AR S it
TR 2 2] 7 v R Al B I TIT 4 35 58 il 451 2 T 1 sf
[ AN 23 [R)RRAE | I F T 9000 A ok % 97, HL B LA
LERiETE I

AR SCAT A 3R T A 22 Al B HE BT R RN 2 A A
RPPF AR THE . A X F LA E 8
707 2 IR T BT R, 5 AR N 38 il 5 R
A R0 b 3kt T 58 3 1oy W IS B R AT A A LY o X e
2 B AT N RS i 2 38 Al 1 il 55 /K7 AL
A AT BB .

AR SR R B TRDRL R, X 5 IR 4 A
W o T =R T A 58 A R AR RN
B TRDRE BT 1 S8 1800 5 /0N, PRI o 23 38 K B[]
LB LU ARG T B RS o T 2 e A
I TIT 118 2 DA AR DA 9 AR SRS [ SO AR ST . 5
Hh, RN AR W HA B2 w2 (HR T
B TR U A8 b Ak 35 A7 AE — 58 IRME , BOA SO
RN % R T AR AR B (B 25 MOk . SR £ 5T
AT 2 R 1 R A A B A 5 i D) 27 P 1 T
AR

6 Z5it

AR SV 2N 52 il i 20 W 0 S WE5E H A £ B
RIES I IT IR TP S T A . EREHEANT

1) T Y 1R P9 AN SR 408 2 5 v i 25 A L3
M, 70 L ) — 26 2 5 2 % Y AN AR 408 il s O ) A
BAT— 52 WAH L2, BRI, 25 71 % 00 A8 1k
HHEA —Hk .

2) s [ JEE A P[] AH S A X 28 3l B2 Wi e
N o A3 AR S U A B2 I ERE B B, AR
AN ) R [ A7 2 g %o 27 3 ) 52 Wi K S5AH ]

[ 2% 3Tk ]

[1] XUXY, LIUJ, LI HY, et al. Analysis of subway
station capacity with the use of queueing theory [J].

Research ~ Part  C: Emerging
Technologies, 2014, 38: 28-43. DOI: 10.1016/]. tre.
2013.10.010.

(2] YFHEAE, IR, V0 AR 2830 78 B T X 5 19 2 08
EAREMEm o Hr )] sz AL TESHER,
2013, 13(2) : 185-190. DOI: 10.3969/j. issn. 1009-
6744.2013.02.028.

Transportation

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



F2EE 1M

PR R TR ST 0T A 23k S B R TR

161

XU Feifei, HE Zhaocheng, SHA Zhiren. Impacts of
traffic management measures on urban network
microscopic fundamental diagram [J]. Journal of
Transportation Systems Engineering and Information
Technology, 2013, 13(2) : 185-190. DOI: 10.3969/j.
issn.1009-6744.2013.02.028.

WEI P, CAO Y, SUN D. Total unimodularity and
decomposition method for large-scale air traffic cell
transmission model [J]. Transportation Research Part
B: Methodological, 2013, 53: 1-16. DOI: 10.1016/].
trb.2013.03.004.

EFEAT, TLEW, tRT . ST SSA-ARMA B8 S8 J i
% I B L] AL TR S B3, 2019, 40
(5) : 1489-1494. DOI: 10.16208/j. issn1000-7024.
2019.05.052.

WANG Qianzhu, JIANG Dechao, XU Rui. Short-term
bus passenger flow forecasting based on singular
spectrum and ARMA [J].
Engineering and Design, 2019, 40 (5) : 1489-1494.
DOI: 10.16208/.issn1000-7024.2019.05.052.

IR, R, R FET RS A SCuh ER
FU AT (1] RO TR (Lm ey
TR, 2020, 44(6) : 1098-1102. DOI: 10.3963/j.
issn.2095-3844.2020.06.030.

WU Tengfei, XU Huizhi, LU Jun.
prediction of up and down passenger flow at bus station
Journal of Wuhan
University of Technology (Transportation Science &
Engineering) , 2020, 44 (6) : 1098-1102. DOI: 10.
3963/j.issn.2095-3844.2020.06.030.

SRR, AR, MG . TR IR S IR A 5l U
Ry 25 3 00 [ ). 3238 02 i R 42 TR S5 AH L, 2011,
11 (4) : 154-159. DOI: 10.3969/j. issn. 1009-6744.
2011.04.024.

ZHANG Chunhui, SONG Rui, SUN Yang. Kalman

filter-based short-term passenger flow forecasting on

analysis Computer

Short-term

based on arrival spacing [J].

bus stop [J]. Journal of Transportation Systems
Engineering and Information Technology, 2011, 11
(4) : 154-159. DOI: 10.3969/j. issn. 1009-6744.2011.
04.024.

BEE I, XBHE, SRR, 45 . BT IC R A RBF #i 28 )K
2% 114 e IR A 22 7 i O () ). RS K A A A
(ASRBLEARR) , 2015, 34(6): 106-10. DOT: 10.3969/
j-issn.1674-0696.2015.06.20.

LU Baichuan, DENG Jie, MA Qinglu, et al. A short-
term public transit volume forecasting model based on
IC card and RBF neural network, Journal of Chongqing
University (Natural Science) , 2015, 34(6): 106-110.
DOI: 10.3969/j.issn.1674-0696.2015.06.20.

WAL A, R ST R PR 2 oD LAY 28 B il R
WPE BT R AR TRESHFR,

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

2019, 19(4) : 115-123. DOI: 10.16097/j. cnki. 1009-
6744.2019.04.017.

HUANG Yishao, HAN Lei. Short-term passenger flow
prediction method on bus stop based on improved
extreme learning machine [J]. Journal of Transportation

Systems Engineering and Information Technology,

2019, 19(4) : 115-123. DOI: 10.16097/j. cnki. 1009-
6744.2019.04.017.

LIU W S, TAN Q, WU W. Forecast and early warning
of regional bus passenger flow based on machine
learning [J]. Mathematical Problems in Engineering,
2020, 2020: 6625435. DOI: 10.1155/2020/6625435.
SUN F, WANG X L, ZHANG Y, et al. Analysis of bus
trip characteristic analysis and demand forecasting
based on GA-NARX neural network model [J]. IEEE
Access, 2020, 8: 8812-8820. DOI: 10.1109/ACCESS.
2020.2964689.

MA X L, DAI Z, HE Z B, et al. Learning traffic as
images: a deep convolutional neural network for large-
scale transportation network speed prediction [J].
Sensors, 2017, 17(4): 818. DOI: 10.3390/s17040818.
TR, BB, B, % T LSTM M A%
i L I 2 R O AT T (0], 2% B A il R, 2019,
36(2): 128-135. DOI: 10.3969/j.issn.1002-0268. 2019.
02.017.

LI Gaosheng, PENG Ling, LI Xiang, et al. Study on
short-term traffic forecast of urban bus stations based on
LST™ [J].
Research and Development, 2019, 36(2) : 128-135.
DOI: 10.3969/j.issn.1002-0268.2019.02.017.

LIU P B, ZHANG Y, KONG D H, et al. Improved
spatio-temporal residual networks for bus traffic flow
prediction (1] Applied Sciences, 2019, 9(4) : 615.
DOI: 10.3390/app9040615.

ZHAO L, SONG Y J, ZHANG C, et al. T-GCN: a

traffic

Journal of Highway and Transportation

temporal graph convolutional network for

IEEE Transactions on Intelligent

3848-3858.

prediction (1]
Transportation Systems, 2020, 21 (9) :
DOI: 10.1109/TITS.2019.2935152.

YU B, LEE Y J, SOHN K. Forecasting road traffic
speeds by considering area-wide spatio-temporal
dependencies based on a graph convolutional neural
network (GCN) [J]. Transportation Research Part C:
Emerging Technologies, 2020, 114: 189-204. DOI:
10.1016/j.trc.2020.02.013.

MOU L C, LU X Q, LI X L, et al. Nonlocal graph
convolutional ~networks for hyperspectral image
classification [J]. IEEE Transactions on Geoscience
and Remote Sensing, 2020, 58 (12) : 8246-8257.
DOI: 10.1109/TGRS.2020.2973363.

QLY L, LI Q, KARIMIAN H, et al. A hybrid model

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



162

KL XFFHROHRAFR)

202542 A

(18]

[19]

[20]

for spatiotemporal forecasting of PM, based on graph
convolutional neural network and long short-term
memory [ J]. Science of The Total Environment, 2019,
664: 1-10. DOI: 10.1016/}.scitotenv.2019.01.333.
ZHOU M F, QU X B, LI X P. A recurrent neural
network based microscopic car following model to
predict traffic oscillation (1. Transportation Research
Part C: Emerging Technologies, 2017, 84: 245-64.
DOI: 10.1016/j.trc.2017.08.027.

HAN Y, WANG C, REN Y B, et al. Short-term
prediction of bus passenger flow based on a hybrid
optimized LSTM network [J]. ISPRS International
Journal of Geo-Information, 2019, 8(9): 366. DOI: 10.
3390/ij2i8090366.

WANG SY, ZHAO J, SHAO C F, et al. Truck traffic
flow prediction based on LSTM and GRU methods with
sampled GPS data [J]. IEEE Access, 2020, 8:
208158-208169.DOI: 10.1109/ACCESS.2020.3038788.

[21] SR EH, 40 . JE T 2ot ARIMA 5281 (1 S TiT 9018 22

38 S8 B 2 T O AR 5 (] ISR ALY S R, 2022,
39 (1) : 339-344. DOI: 10.3969/j. issn. 1000-386x.
2022.01.052.

ZHANG Guoyun, JIN Hui. Research on the prediction
of short-term passenger flow of urban rail transit based
on improved ARIMA model[J]. Computer Applications
and Software, 2022, 39(1): 339-344. DOI: 10.3969/j.
issn.1000-386x.2022.01.052.

(22] Emad, arfEd, B, 55 . kT ol S eI

M AR R I ik (], el is i R G TR
{5 K., 2021, 21(6) : 131-144. DOI: 10.16097/j.cnki.

1009-6744.2021.06.015.

WANG Fujian, YU Jiahao, ZHAO Jinhuan, et al.
Short-term public traffic passenger volume forecasting
method based on real-time relevance of stations [J].
Journal of Transportation Systems Engineering and
Information Technology, 2021, 21(6): 131-144. DOI:
10.16097/.cnki.1009-6744.2021.06.015.

(23] Berb%, i fif, P, 45 56 T Soask o i 5 15 10 1k

LSTM [ 45 (1% 2 I 2 0 00 [ ). kil B2 5 T 2
%, 2021, 18(11): 2833-2840. DOI: 10.19713/j.cnki.
43-1423/u.T20201153.

DUAN Zhongxing, WEN Qian, ZHOU Meng, et al.
Short-term passenger flow prediction based on improved
bat algorithm to optimize LSTM network [J]. Journal of
Railway Science and Engineering, 2021, 18(11): 2833-
2840. DOI: 10.19713/j.cnki.43-1423/u.T20201153.

[24] ZHENG Z H, LING X M, WANG P, et al. Hybrid

model for predicting anomalous large passenger flow in
urban metros [J]. TET Intelligent Transport Systems,
2020, 14(14): 1987-1996. DOI: 10.1049/iet-its.2020.
0054.

[25] X2, W B, XIS 3G . 2 I8 9K 3l CNN-GRU 4

R A S8 i i o 2R T ()], 2858 iz i TR =4I
2021, 21(5): 265-273. DOI: 10.19818/j.cnki.1671-1637.
2021.05.022.

ZHAO Jiandong, SHEN Jin, LIU Linwei. Bus
passenger flow classification prediction driven by CNN-
GRU model and multi-source datal J]. Journal of Traffic
and Transportation Engineering, 2021, 21(5) : 265-273.
DOI: 10.19818/j.cnki.1671-1637.2021.05.022.

(EERE .Z=F; &K :XFE)

A5 M 3k http: //cslgxbzk. csust. edu. en/cslgdxxbzk/home



