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Multi Factor Taxi Demand Forecasting for Urban Road Network Based
on GCN and TCN
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(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: At present, in the cruise mode, the supply and demand between taxis and passengers is not easy to match,
resulting in the coexistence of empty taxis and hard hailing phenomenon. Accurate and efficient realization of the road
network taxi demand forecast is conducive to effectively alleviate this problem. In the view of that the existing traffic
flow prediction models can not sufficiently extract spatial features, especially the spatial relationship between sections
in urban road network, full consideration was given to the three kinds of spatial relationship between segments within
the road network, and three types of graph were constructed correspondingly, i.e. the local relationship graph, the global
relationship graph and the OD frequency relationship graph. This paper proposes a taxi demand prediction model which is
composed of graph convolutional network and temporal convolutional network. The graph convolutional network is used
to mine the spatial relationship features of sections in the urban road network, and the temporal convolutional network is
used to mine the time series features of traffic data, and the influence of external factors is considered. In the experiment,
the number of taxi trips in each section of the urban road network is extracted from the real taxi GPS trajectory data, and
the series of trips number formed in multiple time slots on the road is used to verify the prediction model. The results
show that the proposed model is superior to the common traffic prediction models, and has smaller mean absolute error,
root mean square error and mean absolute percentage error.
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T, I BB R L S50 M A AR R ) K e
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BRSO T 2RI ] B AR G, BTN LT
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AEAE IS 2 AHOCHERL MR T 1 Al 4 i S B &
YRR, 5 T I DR & SRR AR, i [9-111].
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Neural Network, GNN)!2131 75 pb Bk |-, £5 Bh -1
L ARMAS) B S A AR R 110 CNIN A S A 4
1EY e 2 B3, T2 B SRR 24 (Graph Convolutional
Network,GCN). H T~ 0] A 250 2% I 1 4 $h 25 74
R P 25 M A TR R A, R IE A o A I AL
R . A, O AT GCN X A I8
TR AR, 40 [17-22].
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2PN RMSE MAE MAPE

Giocal 0.6076 03194  7.7723%

Ggiobal 0.6081  0.3202  7.8155%

Goa 0.6086 03209  7.9723%

Giocal + Gglobal 0.6052 03076  7.2917%
Glocal + God 0.6059  0.3082  7.3473%

Ggiobal + God 0.6067  0.3104  7.3812%
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G oq 1ENH NS T 45 5 f% 22 RMSE A 0.6086,
MAE 4 0.3209, MAPE N 7.9723%. " 13, fEHI NN #
I Grocar~ Ggiovar M1 Goa H,Giocar VE 5N TR ES
S, T B S IR e R ) A 5 R AT B A T %
FOP AR IR TN B FH K. e R R AR S N B
T Z A LT B — BN, I H, B Gloear TR
G giovar TE N 246 NI, RMSE . MAE Hl MAPE 4371
4 0.6052. 0.3076 Fl1 7.2917%, A5 R 150 20 R fe -, 24
¥ Giocar~ Ggiobar T Goq —H B A RMSE. MAE
HIMAPE 7354 0.6044.0.3042.7.2145%, 7] 13, % &
38T 6 IR B 8 2 T 1) 2 Tl o 5 2 () 0% 2R BB A 6 22 T
HGHE Fh B (AVRRAE 782 S, 32 S B AAE BE . kA,
Xi~ X~ Xo X, 0B IR 2, 1 22 53— D B,
T B A1 358 52 T ] 2 S5 A 28 TN 45 B 1% 5 i AN ] 2



%h4e ¥: AT GCN #= TCN 89 % B & 3T 5% B AL £ F KN 7

HETL,MFGTN ¥ =F ¢ R &5 PTG S0 8 21 AT 25
FE, 7843 SR IUAZ I AU P IR I 2 A S 5 A TR R,
B 35 IR B S .
2.5 BIBRAK/NITILEBI SN0 SEIR

AT E T X MFGTN W 4% 43 1] ¥ B A [A] ) s
B /NIEAT B T 285 o i, ] 4 D B /Nt
MFGTN [ [ 52 25 5L . 1 I BR300 9 5
YRR 1S SN 30 b, AREERY TROI A BE A A BRI
R B AR, Bl T8 7 SR B H AR 4Rt AT =R AH
bl 250z B Bt AT HE L2 LR AT B 6T T BT R H AT B
M 5 K, T B AR SRS A St A R B 114) 52 38 9 T AT
% HH R BT

16 15426

1005
09402

09862

0628

11.7691% 16.3318%

7.483%

RMISE MAE MAPE

“5min  ®W15min W 30min
El 4 BFREAR/N XS PILEHI ST

2.6 TR AT R4S A 200 SE e
AT X MFGTN /48 43 51 ¥ B AN [ (1) T
R BAT BRI TN &5 R i X B AP KRR 1A
IR A, B 5 A [F T 5 K6 MFGTN 9 4% (1)
s g5 L. B WDKK/ 1 &S, B Tl
AN, D02 1R TN R 22 R 3 K, SR BE D
FHi&%s. T 2 20 TR K 1 — AR5 T s B 1
SERAEN T — RTINS BRI AN, 2 TR A K 3,
R ZE S 2 R B REMAASE R F K I R ) T KR
12 16%
1%

12%
08 10%

06 8%
04 6%
4%
02 .
0 0%

i 2 ¥ 4

RMSE mmMAE —MAPE

1

B5 TS KRR
3 &

52 38V T A8 e 4% [ AE 3 IR AR 76
Sy, e S X T % I B B T £ 2 i) R VA ik
T4 THT I FE AR, A SR T — o oy P35 o0 4 T
IF] 357 000 4% 1 45 45 110 H L 26 75 SR TR B8 MFGTN
SF 58 38 B AT I 2R AE R I LB 7E 22

AR AR BT T A IR, &SR g5 SRR,
AR ST 1 R 25 75 SR I 7 VAR T A
AZ I TR T7 3. PRI Ry A SO0 38T % R et B T
Z RS AR R AT 7 @R, JF HE R T 2 Mk
00 DAL 2R AR AR 0 TR0 285 SR () sz ). 3 — 2 B 9 A
2 FE nAR] 5 5k T B X R 5 (Point of Interest,
POD) {5 BEAT EAE, Ae %Al X 2% 42 4 AN 7] Th e % B
Z VB 5G ZR, T 0 28 8 40 42 90 A8 8 s ) 2 1]
KR, B P HR T AR B
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