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Abstract As a critical component of urban transportation systems the service level of taxis is
significantly affected by taxi planning and dispatching. The objective of this study is to estimate
and predict taxi passenger demand to support for planning and dispatching. Firstly the data
collection of the in-vehicle taxi GPS system and fare collection system are analyzed in the paper.
In terms of data analysis the traditional grid partition of taxi demand is improved by adding other
factors such as topography buildings and road network. The developed partition preserves the
completeness of passenger demand in a grid. And then an easy-to-use estimation method of grid-
based demand is presented by the usage of real-time taxi GPS system and fare collection system.
Finally an artificial neural network ~ANN model is developed to predict short-term taxi
demand. The structure of the ANN model is designed based on the functional characteristics of the
input-output pairing correlation. Taking the field data from taxi operation system as an example

the performance of proposed estimation and prediction models is evaluated and validated. The
results reveal that the proposed ANN prediction model significantly outperforms the existing auto-
regression-moving-average ARMA model in terms of the reduction of 32% on average absolute
percentage error. Moreover the probability of absolute percentage error greater than 50% for both
ANN and ARMA models is 10% and 23% respectively.

Key words taxi operations passenger demand estimation model grid short-term prediction

artificial neural network ANN
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2.2 artificial neural network ANN
ANN

113 15-16 ANN

1
Table 1 Correlation analysis between the current demand and previous interval ones among the same day

dwm-=5 dwm-4 dwm-=3 dwm=2 dwm-1 dwm
dwm-5 1. 00 0.73 0.72 0.61 0.45 0.32
dwm-4 0.73 1. 00 0.72 0.71 0. 60 0.44
dwm-3 0.72 0.72 1.00 0.72 0.71 0. 60
dwm=2 0. 61 0.71 0.72 1. 00 0.72 0.71
dwm-1 0.45 0. 60 0.71 0.72 1. 00 0.71
dwm 0.32 0.44 0. 60 0.71 0.71 1. 00
2
Table 2 Correlation analysis between the current demand and historical day ones among the same interval
dwm dw+lm dw+2m dw+3m dw+dm dw+Sm dw+b6bm
dwm 1. 00 0. 80 0. 81 0.77 0.73 0.77 0. 67
dw+lm 0. 80 1. 00 0.78 0.86 0.76 0.76 0. 65
d w+2 m 0. 81 0.78 1. 00 0.82 0. 68 0.73 0.76
d w+3 m 0.77 0. 86 0.82 1. 00 0.73 0.75 0.62
d w+4 m 0.73 0.76 0. 68 0.73 1. 00 0.73 0.55
d w+5 m 0.77 0.76 0.73 0.75 0.73 1. 00 0.61
d w+6 m 0.67 0. 65 0.76 0.62 0.55 0.61 1. 00
1 ANN
3
w dwm
1~7 k
dwm-1 dwm-=2 4 3

dw-Tm dw-14 m d w-21 m .
12 auto-regression-moving-average

g ARMA ANN
’ ANN
ARMA  ANN

ANN mean absolute

Nye 0.11N,/N, +1 0.3N,/N,+1 . 3 percentage error MAPE
N N max absolute percentage error MAXAPE
I P
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mean absolute deviation MAD 1 3 2.4
cumulative absolute deviation CAD 983 428

1 « - 87 1
MAPE = — | d, —d, | /d, 3
I = 0~7 17 00 18 00
MAXAPE = max | d, —d, | /d, i
4 2 ANN ARMA
1
1
MAD =Y 1 d —d. | 5 ARMA
IR
l —
CAD = Y 1d, —-d,|. 6 3 ANN
i=1
1
50% 10% ARMA 23% .
X
_ ANN
P x =Num ld,-d,l/d,<x I. 7
35%
Num -
140%
3 ARMA ANN
Table 3 Evaluated results of ARMA and ANN prediction models
15 min
MAPE MAXAPE MAD CAD P03 1-PO.5
2011/3/30 \ ANN 24. 1% 85. 7% 3.6 81 66. 7% 4.2%
07 45 13 45 ARMA  36.7%  119.7% 4.8 116 58.3% 25.0%
2011/3/30 s ANN 35.0%  140.0% 4.9 112 56. 5% 17. 4%
17.00 22 45 ARMA  61.9%  286.6% 7.5 172 39. 1% 34. 8%
2011/3/27 - ANN 26.4%  100.0% 2.0 79 60. 0% 10. 0%
1 is 2115 ' ARMA  32.6%  133.3% 2.4 96 52.5% 15. 0%

32% .
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