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Abstract
Predicting urban travel demand is of great significance for traffic management, ensuring public
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travel safety and building smart cities. However, due to the influence of many complex factors such
as inter-regional traffic conditions, weather and holidays, urban travel demand data often has high
frequency noise and complex fluctuation patterns. This paper proposes a deep learning-based ur-
ban travel demand prediction model—Spatio-Temporal Urban Travel Demand Forecasting Model
(STUTDFM). The architecture of the model consists of an external factor influence component, a
spatio-temporal feature extraction component and a data fusion component. EIFC can process the
data of the factors affecting urban travel demand so as to fit some local extremes, SPFEC can cap-
ture the spatial dependence and temporal dependence of urban travel demand data, and DFC can
adjust EIFC and STFEC to the overall prediction model. Experiments on four real datasets show that
the proposed STUTDF method outperforms eight well-known methods.
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Figure 1. STUTDFM model structure diagram
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Figure 2. Capturing spatial dependencies by convolution operators
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Figure 3. Temporal convolution layer structure
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Table 1. The TaxiBJ-13, TaxiBJ-14, TaxiBJ-15, and TaxiBJ-16 data sets
%% 1. The TaxiBJ-13, TaxiBJ-14, TaxiBJ-15, and TaxiBJ-16 #iE&

Data Sets TaxiBJ-13 TaxiBJ-14 TaxiBJ-15 TaxiBJ-16
Year 2013 2014 2015 2016
Location Beijing, China
Time span 7/1/2013~10/30/2013 3/1/2014~6/30/2014 3/1/2015~6/30/2015 11/1/2015~4/10/2016
Time interval 30 mins
Time slots 4888 4780 5596 7220

Table 2. The BikeNYC data sets
% 2. BikeNYC HiB&E

Data Sets BikeNYC
Year 2014
Location New York, America
Time span 4/1/2014~9/30/2014
Time interval 60 mins
Time slots 4392
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— BB EL I N 25 A 0 AN R, TLAPERELE DeepST HE4F, {HSSR AU STUDFM. H3ELLHILL,
STUTDFM B A S U4F MR . —J7TH, B REAE SR B A2 56 T30 7 AT 75 SR (8] PP 5 8 ek 1. &
AL =Ry AR A, R TR ISR . R, B SRR SR AL T AR R T D S R A
Z, B SRAESR AU AT IE G A B R (8] P51 . 55— 7T, STUTDFM HH (AR IE SR B AR5 18 T 52
Me 3 17 AT R SRR AN R 2 IS, 5 DA B AR 1) AR IR 2R i FLIAH LG, STUTDFM. 43144
MAE Al RMSE F#{I8 T 45 24.47%H1 20.36%. 64k, A% STUTDFM J2 548 H M R AE S B A AR kAT T
RS . BRATR A B EREAT T AL, B TaxiBJ-13. TaxiBJ-14. TaxiBJ-15. TaxiBJ-16 I
BikeNYC. ¥4 f75 7 TaxiBJ-13. TaxiBJ-14. TaxiBJ-15. TaxiBJ-16 Il BikeNYC [{]7H fiti S2 46 45

Table 3. Results of comparison between STUTDFM and baseline
# 3. STUTDFM S ELZLHIXTELLER

TaxiBJ-13 TaxiBJ-14 TaxiBJ-15 TaxiBJ-16 BikeNYC
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE

ARIMA 11.06 19.01 12.82 21.78 12.35 21.23 13.78 22.69 3.27 4.28
SARIMA 16.19 24.23 18.04 27.12 18.95 27.76 18.38 27.28 4.18 4.96
GRU 12.47 21.31 16.3 24.45 16.75 24.74 16.86 24.81 3.12 3.77
ConvGRU 11.41 18.97 15.06 23.2 15.01 23.17 15.78 23.86 3.34 3.87
LSTM 11.55 18.96 11.13 18.18 11.29 18.44 12.15 21.17 341 3.86
ConvLSTM 10.52 18.55 10.78 18.82 11.17 18.2 10.73 18.79 3.17 3.78

DeepST 9.98 17.42 10.8 18.86 10.88 19.08 10.01 17.83 2.79 3.56
GCN 9.51 16.29 9.37 17.14 10.43 17.86 9.68 16.46 2.61 3.34
STUTDFM 9.12 15.83 8.86 15.25 9.23 16.23 9.03 15.76 231 3.19
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Table 4. Performance metrics for STUTDFM models when external factors are not handled using EIEC components

= 4. HIMNPE RS ERIMBEHER B L FERT, STUTDFM REVH 1 REHEHR

TaxiBJ-13 TaxiBJ-14 TaxiBJ-15 TaxiBJ-16 BikeNYC

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE

STUTDFM(NIF) 11.81 19.47 14.32 22.92 14.72 23.10 14.96 23.21 3.24 3.76
STUTDFM 9.12 15.83 8.86 15.25 9.23 16.23 9.03 15.76 2.31 3.19

25

20

e
H 10
0 M [

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
TaxiBJ-13 TaxiBJ-14 TaxiBJ-15 TaxiBJ-16 BikeNYC

B3
—
17/

uESTUTDFM(NIF) =STUTDFM

Figure 4. Comparison results of TaxiBJ-13, TaxiBJ-14, TaxiBJ-15, TaxiBJ-16 and Bi-
keNYC with and without EIEC components for external factors
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