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IPSO-GRU-KDE based method for predicting passenger flow intervals
at bus stop

LIU Wusheng, LIU Tianyi

(School of Transportation, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: [Purposes] This study conducts interval prediction research on passenger flow at bus stops
to address the drawback that traditional point prediction models fail to effectively characterize
uncertainty information in bus stop passenger flow forecasting.[ Methods ] An improved particle swarm
optimization (IPSO) -optimized gated recurrent unit (GRU) model combined with kernel density
estimation (KDE) is adopted for interval prediction. First, the GRU model is applied to implement
point prediction, and the IPSO algorithm is utilized for parameter optimization. Second, kernel density
estimation is employed to calculate the probability density distribution function of point prediction
errors, so as to obtain error confidence intervals under corresponding confidence levels. Finally,
interval prediction is realized by integrating the point prediction results. [Findings] Comparative
experiments show that the point prediction module of the proposed model achieves the highest

prediction accuracy, and its interval prediction module obtains the optimal interval evaluation metrics,
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which verifies the validity of the model. [Conclusions] The model can generate more accurate

prediction intervals. It can provide references for the decision-making of subsequent bus scheduling

schemes and possesses favorable practical value.

Key words: bus stop passenger flow prediction; gated recurrent unit; improved particle swarm

optimization; kernel density estimation; interval prediction

R 2023 4F 6 AR, P EVLS R A 2T 1K
4264250 . AWTHI BIBLSD 4= PR A e bR £k
PEFERY R, A5l H g P03 . Ak BiE I
AL R BEOR B PR A Ji , S8 R 52 2 E A
ShEBE R Iz RN s RIS R S A IE
PR AT 20 5 0l i B R T, AN RE R 8 52 G- A
BRI SR A7 B TR T A S R G0 R
FTme 51 s G sl s, BA BB .

TE A A, A T 2227 Xk i B0 iR T T
WEFE . #EER A A E [ W RT3 3 1
(autoregressive integrated moving average, ARIMA)
RRERUNGT S 30l 25 O B AT RS ESN AT ST A
HIFH ARIMA FE RS AT 1 22 S i Fsf 58 38 0 00 F
I o BEE RBAGHARN K R ) 3 N T g
PR TR A T8 SR AL AR 2 1 )2 N SR R A 2%
FIR R B2 7 ] 1R E A% S o 1 b 4005 R0 1] A9 I 2k
PR AR o SRS BTS2 T 1906 25 0T (gated
recurrent unit, GRU ) #fi 28 0 £ 1) Z2 4T 55 VR JiE 2 S
BT 2R Z MIMAR GG AR fd i T AL
SN 25 DTN RS o WA R AV
SER B RIS I3 Ak A RS ORI | T8 I TR
P64k 58 2 o B i 1) K %0 I 2 12 (long short-term
memory, LSTM) i1 25 W 28 S 1A 28 il 5 1 5 26 3t
T, 56 3 B R R AR K R R TR B
ZENG 551 25 B3 bk % i 00 I 23 ARG FIRE P
IR S R 0 L oy AN L N e RE = K VI
LSTM, XA A i A7 0, ik 120k
AR BRI AET R T — Rl iR A TR o T A
B TR R 8 7 AL HERRAE I 25 18 % it 28 1k Y SR 48
HOPE . LIRS F Y 22 ROBEAR ) S5 19 265 RE A8 1E 1y
b TR R ) ot 2 0T, A R B AN R Bl . B
T — BTN AR YA, T80 A P R K AR
AR PEAT I o LIAE Sl SR AR Y, 44
i 3R 0 2 U ) PR 2 0 o3 Bl 4, P 3k ) e
Y LR /A 1 B TR 0% R S P U RS
[ U1 2 A P B 12 R T AR 28 O 2% F)
R, g A I 22 il 5 O A Y G20 1R RE 5 AT R

U 53 fe 11 37

DL AR AU I Sy i P PO R A, Tk i A A
S PR 2R N2 22 il i 25 Uk i AR AL B S R 03
B BEHLECRAE AT E M R B2 . MR
S = A ROR RO i 22 2B O v I TR 1
PERYSZ R o AR BH A5 B 10 5t 4R 220 1 58
Uit UL e R AN T E 1, O S S 2R
DX ] P 2 R AE AN VE R R I ik — A A
LT T ZR GU ALK R RE T G U T A R R
SR HE— LA TE, 45 RSB Y A T 45 2R B L IX
[ Y0 ] ELAT B S 0 S0 P DX ] ) 5 v A0 4
Sy ALECIRT A CEAE XA AR . H R, DR 2
B3z MR T i 2 ey T A B AR T
T B A AT R VAR KB A A e S
S5 22 U, AEL B A 2 2 DX T TR0 197 T 5 e 45
B . PAN'! 4% & ki T BE G fk (particle swarm
optimization, PSO) Bk MR EE B 0] 78 3R W 2%, il
I AEHTVE BT A 52 AR R B Ui , 45 2R R W%
B HAT B ORGP

g b AR SO T T T PR BR B TT T 2 22 0 J5 %%
Ui, T GRU M 28 S8 LU i | SR I el b+
BEML AL (improved particle swarm optimization, IPSO)
FEH T SA GO0, IO 45 5 R KDE 5 i 47
15 DX TR T, S5 B0 A2 ol i 2 U X ) ) G i 5
CHE L 5 R A - T P10 2 B0 e - v 7 (M 75 /4% )
(IPSO-GRU-Gaussian) 2 & #7737 4[] 59 < Jd
HH 1212 (quantile regression long short term memory,
QRLSTM) M 4% . 43 £ 171 A ] 42 06 PF 527 (quantile
regression gate recurrent unit, QRGRU)%iﬁﬁ?XﬂL I,
B UEASBE AR 3 FHAE .

1 WRFAFZE

11 [ TEEEER B T 4o 4 ) 4%

LSTM FfJC J& — & ¢ 5k 19 198 BF Bl 28 9 2%
(recurrent neural network , RNN) , LSTM 7€ 3 % i
15t 52 ] (forget gate) i i1 1] Coutput gate) Fl i A1)

&A% W 1k https: //jtkxygc. csust. edu. cn/jtkxyge/home 115



= F+

if

#_

5 T # %42 %

(external input gate) ¥4, H BT 4512 1 11 1]
¥ 91 450858

PTG B BT A 28 ) 4% 2 R S I e 12w 22 T
25— A R — S B R R S G B0 B i 22
P2 (&1 1) o B LSTM st 53] i th 1) g A
T4 A BT (update gate) FITEE ] (reset gate) ,
FE A5 4 RN [ 2] v B 815G 28, 32541 15F 1] 7 910
I B N AEREAE , JF HIL 4k T 4549 , i1 GRUSHA
BRI

z,=0(b+ Usx, + Wh,_,) (1)
r.=o(b+Ux, + Wh,_,) (2)
n, = tanh,(b + Ux, + Wr,h,_,) (3)
h,=( =2z)h,_, +zn, (4)

D~z [T Tt r fCRE B ] )45
n, fRF a NN ZHR S b 37 i B 1) i 5 U R i AL
5 WA R IEMALE 5 2, 88 o I 2 R95 A T 12 5, 2R
71N a I 20 BEROIR A s b, 7R a—1 I 20 A BRUROIR 285 5
o AR IR B R REH LI A o S HA A
[ Py i S P (— BB 0.2 ~ 0.5, AR 6=0.5)

E1 GRU#&ER
Fig.1 GRU model

1.2 BURFRANEE

PSO J k& — M A REDL AL S0, B2
TR AT . ZFR IR T X S 2R T
BAT TS, HA O AR A R ad e b, e 7
S8R 15 % R W A B ) e A ) R R A X
PEATE R BT IX— 8, PSO B R s [l
(1 s — AT AR X R — KT, R B A
LB AR A S 8] oW AT fERE
/S VL LI A RS T L NI o S N (I S LN B
DAk 58T A B AR5 7, 38D 1) R A A S
5558 A BEALAYAE R R [R] , PSO 378 o N 18] ) 15
S (5 4 UG AR A WA 0949 2807 1), AT
B ey A8k Ml T 2 R R AL A%

TBRBEAE D HE1% S (8 A m AR T, B ARIK
BOR T MTESS 1 YGRANH 250 R R0

116

X BEER V., R TR G AR T AR B AR i
() FIREAR S 0 (.00 2 BT I O BB FI7
BB SO E RN
Vo= XV, +c; X1  X(ph —
X))

X,,)+
02 X raml X (ghesli - l' ) (5)

Xoo =X, +AXV,,, (6)
K (5)~(6) s WELE H7E 0.1 ] 0.9 Z 8], FH T 57
AR AR R SR DR T %A 5 ) W de Kb
Kse, Mlle, 2 A 2= 2 R 22 2T 5 02
B0, 1] Z 1A B FEALES ; A 3 R 40 U 1.

TGk R AL R LR B AR o R ) R
A HUE _EAFTE— R BRI . BHEAE o e TR
ML g S A Y LU R o A T A R T
H 25 1) 55 Ja) T4 ZRAE J1 5 BN o WG FI) T Ry 3 -
AT RE s Ak 2 R &R B 1. Ak, EE Y ¢ Fl e,
A5 X A A B DL i R AR B D i 1) 2 ) A
RALRIF AN B = [ I8 N R BR T, 5 B A Rl
s A RS 0T b AR R A, AR SR H et
PEARB, 0 S DB P AR RN 2 > DR 9 5 T kA T
itk

1) BHHEACE AL

HHT, &N TE XTI EACE A It e 1
KAEWFFE, I T 205w, anZe ki A A
T WAL BEALBI AL A . AR SR FHBEAL BT PR
A T, (AR s 3 B M i R ) o ek
7 BEHLYE , DI A — o B bkt G 35 vk B A R 3 i
PLiml i, BEMLE A AR A
i F (@, — 0, )X T+ O X, (7)
Ao, 0450, H00.9;r,,, N IESI AT BEHLEL

2) Witk

PSO FE L AR B, 22 2T I ¢, T e, 20 i) 42 1l
KT H 24 Be S S5t 24 2 a8 1, T SEEAS A
206 U SRS B AL Sk, BE By I R
B o FH AN RIS LA B XX — )
SR S 202 ) PR FE s AR R b sl 2
# o Fl ey HTHINE K o LInAL A 22 S BB JT MR 22 )R
FARMERE ; S5 W K e, AR St 2224 ST e T, kL
+ )4 R B AR AR S

4
— (start) (start) (start)
ey =M™ = (e =) X

T (8)

c, = c(zsnm) + (c(lsnm) _ C(Zslun)) X LT

e PO 2.55¢5 " BUR 0.5

(9)

A5 W Ak < https: //jtkxyge. csust. edu. cn/jtkxyge/home



% 34 ME A S F IPSO-GRU—KDE 89 22 & sk % &7 K 8 T 7 %
1.3 ETFIPSO-GRU BT i i 2537 o o il

ARSCHERH 20164F 11 H 7 H 4 28d BRI
N A T A . SRR B H 6:00 2
A H 23:00, BFEDRLEE A 15 min, 23 28 U 25 & i AR
AN 2 TR o AR SCHREET 24 d B9 1 632 2550 1E Al
YA 5 4 A 272 BRI

§soo ) r .
L WW}W L

ﬁ 100 300 400
X500
z

= Ol

e 600 700 800 900
X500
2

o0t LM

0

i:t 1000 1100 1200 1300 1400
500
z

=250+ 7“&%‘“#%'“%

=] A

A 1500 1600 1700 1800 1900
15} 18] 20 040

B2 ~AxsEEZnetib

Fig. 2 Changes in passenger flow at bus stops
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