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Multi-task Spatial-Temporal Graph Convolutional Network for Taxi Idle Time Prediction
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Abstract The taxi idle time seriously affects the utilization efficiency of transportation resources and the driver’s income. Accu-
rate taxi idle time prediction can effectively guide drivers to make reasonable path planning,and assist taxi platforms for efficient
resource scheduling. However,in actual scenarios,the idle time in different areas of the city is affected by various factors such as
regional traffic, passenger flow,and historical idle time. A spatial-temporal graph convolution network (MSTGCN) model based
on multi-task framework is proposed to solve this problem. MSTGCN adopts a novel convolutional structure of spatial-temporal
graph to comprehensively model the various spatial and temporal correlation factors that affect the idle time. A multi-task atten-
tion fusion mechanism is also proposed to improve the information acquisition ability and prediction performance of each task. Ex-
tensive experiments are carried out on two public data sets provided by Didi Chuxing GAIA Initiative,and the prediction results

of the proposed model are better than that of other methods.
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Table 1 Idle time rating

Idle time level The range of idle time/min
1 0~10
10~20
20~30
30~60
> 60
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Table 2 Performance of different methods on Chengdu dataset

Model MAE RMSE
XGBoost 319.94 510. 81
ConvLSTM 290. 30 487.81
STDN 283.19 475.47
ST-3DNet 294.11 487.01
STGCN 277.23 471. 21
DCRNN 276.17 471.07
MSTGCN 272.21 466. 66
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Table 3 Performance of different methods on Xian dataset

Model MAE RMSE
XGBoost 358.79 560.72
ConvLSTM 337.34 535.59
STDN 328.94 528.13
ST-3DNet 341.70 546. 26
STGCN 326.78 527.26
DCRNN 324.17 527.50
MSTGCN 318.19 525. 34
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Table 4 Performance comparisons of different variants of MSTGCN

on Chengdu dataset

Model MAE RMSE
MSTGCN 272.21 466. 66
MGCN 274.93 469.52
MGCN_G 274.15 470.72
MSTGCN_att  277.80 473.98
SSTGCN 277.18 475.63
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Table 5 Performance comparisons of different variants of MSTGCN

on Xian dataset

Model MAE RMSE
MSTGCN 318.19 525.34
MGCN 324.76 526. 44

MGCN_G 325.42 526.58
MSTGCN_att  322.03 525.94
SSTGCN 324.04 525. 80
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P& T —OHT R 2 AT 55 I S (R S B A R R AR 4
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VEa] A LA T I 2 0 5 ] o 2 A 280 01 3 11 3 R T 3 28 D AL
HHEAT AT 55 15 Sl A 64541 55 5 RORBCA i (B9 15 6L L 2t
T 48 T T M R . S B L A SCRE AR I T H At B AT Y I =
T T5 1 B E T AR AL 7E 25 S R T Oy A A e, sk
b R B () T AT 55 Sh L AR [ AR 1S T A i s 5 i
B i B AR FRATTHE E— 25 ot P B R 3 7 TR L B
3T 2 A O O A ASE L Y 0 208 45 440 iFE — 2 48 T A5 A 1) T
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