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Abstract: For efficient operation of taxis, it is important to give drivers various information on passengers’
demand. In this paper, we propose a taxi future demand prediction algorithm using cellular network based
real-time population data with Stacked denoising Autoencoders. In the offline experiment, we will show that
our proposal method is possible to predict with an error 0.877 by MAE when we use real-time population
data compared to an error 1.042 when we do not use the data.
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Fig. 1 Taxi boarding number and total appearance frequency
(logarithmic scale, Sep. 1st — Sep. 14th, 2016).
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Fig. 2 Taxi boarding counts and population transition graph
around Shinbashi station (Sep. 1st — Sep. 5th, 2016).
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Fig. 3 Taxi boarding counts and population transition graph

around Sangenjaya station (Sep. 1st — Sep. 5th, 2016).
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T2 NA8=8T X —F OIFEFHH

Table 2 Hyper parameters search space.

WA IR=RT A=K PRz
Denoising Autoencoder ¢

N 0<gqgp <02
J A RREK
Sparse Autoencoder

5 0<p=<0.02

IERIMEAR %L
Dropout DEIA 03<e<07
Ny FHhA X 50 < BS < 200
Engo s — ’ 10 < N < 1000

® 3 BHI Lo TIVEFiR

Table 3 Model evaluation results for each number of layers.

FiE RMSE
3 1.295
45 1.378
5 1.399
30 - m3E m4E moE

25 A

20 -

RMSE
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Fig. 6 Predictive accuracy for each boarding value by SdA of

each layer number.
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R4 RubANT— 512X 5T T IVEE 5

Table 4 Model evaluation results for different input data.

F—H RMSE
A | BT v— 1.513
B | #7v— + AN 1.370
C | #r7v— + K& 1.351
D | &7 —% 1.378
35 mA =B uC D
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Fig. 7 Predictive accuracy for each boarding value of SAA with
different input data.
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Fig. 8 Comparison of predicted and actual taxi boarding counts at a certain location

(X-axis: time, Y-axis: number of boarding).
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