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Multi-factor taxi demand forecasting for urban road network based on
GCN and TCN

CHEN Zhe®, LIU Jia-hua, ZHAO Bin, YUAN Shao-xin, KANG Jun

(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: 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
networks, full consideration is given to the three kinds of spatial relationship between segments within the road network,
and three types of graphs are 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 the
graph convolutional network and the 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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MO GRIHY 2 B gh. 5 e B4
1, GCN R % 32 B ] A 4 505 3 1 G5 A RRAE, X6 25 (]
RRAE R B2 B BE 77 05, 75 22 3@ JAT P00 wv, 3n8 7 326 IR 1Y)
P25 1) B A B RAE, 7T FH GCN X 3k 7 2 ) o %
BrIa) 23 18] 58 R AT AL HR EL. ARS8 s HES 3
JZ GCN % 28 58 0t it B HH AT B4 J) O 38 PR 7 72 [ A
FEFRIN.

7) T-GCNE2U. T-GCN 45 & 1 & 45 #1M £% (GCN)
51714588 5 570 (GRU) #HAT Wl 57 A T2 1 &
IR PRI TTT 5% P 40 1 85 g I Al 40 = TR) A S, s =5 0 FH
T2 ) B B AT P A1 8] B B A AH DG 1. A S v
1) X 2 B N B D e B AT B R R R .

X EE SRS A5 R AR 2 7.

*2 MHESRER

R RMSE MAE MAPE/ %
HA 0.7851 0.4493 9.637
ARIMA 13734 1.1719 12738 1
MLP 0.8066 0.4659 10.3173
SVR 0.7202 0.3869 8.4248
LSTM 0.6768 0.3768 8.3572
GCN 0.6114 0.3475 8.262
T-GCN 0.6108 0.3314 8.256
MFGTN 0.6018 0.2988 7.085

HA. ARIMA 1% 4 A (6 5o A2 38 A0 45 A 1 K B 1)
¥ FIREAEHE 4T 78 43 49 BT MLP 1 SVR | T~ 3 /9 4% &5
FA 1) R, 3R 05 B8 F3 AN JE, T v B30 v IR s (] 5 2 ]
5 R AE HEAT B a0 B, LSTM BRI I | T3 L) s

PR BT 8] 5 1) 2 18] (1) A oS PE R AT 20 A, (R 208 T
3T % )P 4 A 45 A, T TR s ) 9% RRAE HEAT Ak
H; GCN A ASR EUE A 30 11 1% I A 4 41 2544, (2
TR A2 38 R AR B R] 0 1) P AR A 3R AT 42 40 T-
GCN 1, B % H GRU A1 GCN 23N 7] 5 71) 5 4% (] 5%
Z243 M, fH GRU XK I [8] F7 271 73 #7 g 71 AS 4 LSTM,
FH H A GON R 25 i T 37 % 9 o () B B AT 2R
R R, B 5 R B H A AL AT AR 42 R
% %; MFGTN M %% [{)RMSE. MAE 5 MAPE ¥4 T
ot LA R, 3% 2 i T MPGTN W 4% 38 i #i: & TCN
FTGCN W 28 o} i} 1] 5 2% [A] A1 14547 $2 3, I H [F] B
HIE T BRI R R R £RK R OD K ALK
ARSI R 2%, HCEE o LR R eh 04 i A A
24 ZEZRIERAD TN

AT R ) 4% 3% N AN R 1 N 3R AT TR0, 43 i
A T PR A N R A5 B TR0 280 SR B 52 . 2 ) Ghoca s
Galobal s Goa T Xy RN EEBHHAT R REC R %
BHATEA )RR R BB AT 2 OD I R BN
AT IR 2R R IR A5 . L o A 50 DR 3% R AE R P AR 5 25
FEREARE TN X X Xo A1 X, 50 B8 TAE
H R H B R ACIRAS R R AR 25800 Y 3R 46 FE
IR 2 IR 2R B

*3 ZEAFHEMIVER

I £ % N (MFGTN) RMSE MAE MAPE/%
Giocal 0.6076 0.3194  7.7723
Giobal 0.6081 0.3202  7.8155
Goa 0.6086 03209  7.9723
Ghocal + Gglobal 0.6052 03076  7.2917
Grocal + Goa 0.6059 0.3082  7.3473
Gglobal + Goa 0.6067 03104  7.3812
Glocal + Gglobal + Goa 0.6044 03042  7.2145
Ghocal + Galobal + Goa + Xg 06036 03007  7.1562
Glocal + Gglobal + Goa + X, 06038 03011  7.1593
Glocal + Gglobal + Goa + Xo 06034 03003 7.1468
Ghocal + Gglobal + Goa + X; 0.6032 02998  7.1381

Giocal + Gglobal + Goa + Xext  0.6018  0.2988 7.085

S 45 AN R 3 AR, B DL — Fh ], T B
G oa VE R N BRI T30 45 S 55 % . RMSE 4 0.608 6
MAE 40.3209, MAPE 4 7.972 3 %. 7E5ii N\ N ¥ —11]
Ghrocal~ Gglobal M Goa T, Gocal TE A il N TR 25 3 5
R, 150 BH 3 I B T e B ] 1 A AT ) 2 TR O RO
AR TR P 4 FH e K. 20 7 ot LA S i N T, 00
R ZA LT B — B I D. PL Grocal T Gglobal 1E N
W 4% %5 N IF, RMSE. MAE F1 MAPE 43 5l 4 0.605 2.,
0.307 6 F17.291 7 %o, 155 284 T30 280 55 4. 24 Ghrocal ~




%45

% 46 %: AT GCNA=TCN & % B & 377 7% W A1 £ F K0 1037

G global T Goq = Fh %1 NI, RMSE. MAE Il MAPE
4359 790.604 4. 0.3042. 7.214 5 Yo, 7] K12 &I 1T %
W 65 B 2 [ ) 22 o B 25 2 i) O 2R g 08 Xof A8 3 S o
HH (10 23 BRI 70 3 R B, R A R 2 e b H Xy
X~ X FUX, 20 BN RR 2% 35 22 53— 5 BR AR, 56 B
4718 5 M K] 28 0 A 28 0 45 TR 194 5 i AN T 20 gk
1, MEGTN ¥4 3 P 3¢ R B 5 B A3 A8 IR R kAT %5 18,
Fo 53 BT 8 H R AR AR I 23 R R R A R 3 AR A
R FIL BB
2.5 BRI /)N 4% B0 52 M SELE

A% 5 38 3 X MFGTN W 45 43 1) 3 B AN [F] 1) i
B R /0N SR AT S L 000 45 SR 43 T 4 DR K/ o
MFGTN % £ 1) 5 i 45 S 1. 12 B R B K/ 20 03 R
5min+ 15 min A1 30 min, A5 78 F00 0 %5 5 Bifi 5 B B F 484
KT BEAR. FH T 850 7 S N B8 1 R 22 M 47 R AR L
S0 IS R PR AR 2 A Bt TN B R P L AT R B
LR, Tk W A SRS R TR 0 3¢ 5 ) 22 3 38 T 25
KRBT

1.8

1.6} 1.5426 5 min
: B |5 min

L4y B 30 min

1.2¢

1.0f

0.9862

0.7344

163318%
74839911769 1%

value of RMSE/MAE/MAPE

RMSE MAE
4 FIBEAK NI R BN
T 54K 3ot o 4% B 2 AR S 56
AR5 8 I N MEGTN W 28 43 51l v B A (8] 1 P il
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I B . 1B 5 9 AN TR T 28 6 MEGTN [ 24 1)
SNSRI BB T KON 1~ 5, B T 2D
KRR, I 2% 1) FT % 22 32 18 K, 2 g8 BTt
. 1 2 20 TN R T — A TN A R A S 5
AR — 455 T B B A0 AN, =2 T A A 8
RS AR, K FEMA AR A I e 21 T RCR.
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3 AR )R S T i A B 2 T ) 7 ) 5% R VA AT
A Z . A SCIR 1T — B H B S R 25 5 I ()
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