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Spatial-Temporal Fusion Graph Based Bike-Sharing

Demand Prediction Systems

MA Yunhe, WANG Yumei, ZHAO Yufan
100083, China)

Abstract: As a new mode of urban public transportation, shared bicycles have brought great convenience to people’s daily travel;

(North China Institute of Computing Technology. Beijing

However, due to the dynamic and uneven feature of their usage, users often face the phenomenon of no bike to borrowing and no
stake to return, so an accurate demand prediction model is needed to solve the scheduling problem of shared bicycle; So a new atten-
tion network model based on spatial-temporal fusion graph is proposed, which connects the same station nodes of different time slices
to form a large spatial-temporal fusion graph; thanks to the self-attention mechanism under the spatial-temporal fusion graph. the
model can capture the local spatial-temporal correlation and global spatial-temporal correlation except for the temporal and spatial cor-
relation; experiments on the Divvy dataset show that the prediction accuracy of the model is better than previous spatial-temporal data
prediction models, and the prediction results match the real result curves, which can provide an effective reference for bike-sharing de-
mand prediction systems in practice.

Keywords: bike-sharing system; demand prediction; spatial-temporal fusion graph; self-attention; graph convolutional networks
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(https: //divvy-tripdata. s3. amazonaws. com/index. html) ,
VIR R Bs BB 22 m B R RBCHE Chttps: //mesowest.
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DW)O 4TS5, i F At 2% 24 /A 9 500 B0 & Sk 24 /i
MR . SR A4 Z Ay DAL, AL R 60 20 S Il
. ia] 20 VAR A SE . S 20 6 /E I TEAE

MR E SR B EIEE 30 ST — R, BB E A
BRAT A8 HEAE. WAL, AW S 1A A E 2k
B P50 B, Flan Q1 A 90 K, B 4 320 ANA fa) o5, il
WHEE HARE] 4 225 DMK BN 96 WY& LLT AP 5 B s iff —
ARG R R 2 535 NP A BAE R INGRSE . il 845 A5 41 Bt
YERIMIRE . B5 845 AN F 9 BAE M IRIF4E .

G 3 25 () P IR, 4n SR 2L 52 o AR o5 22 ) 4 B B o
10 km"™*, WA N S5 A 2 MIANAEE IS 3 ez, I
N T

Divvy B4 £ 3LF 691 AL A2 ul di, ADKH H 4
AR G 137 A0l 5507 A U 4R 2 8 Divey (S), 4
SRR AEIC N Divey (L), RLURAIEAS SC R4 TR BLA %545 11
42 JRy B 23 A DG PR A AR e
4.2 EEFXSEMNIER

AT, RATE A SCH B S LUT SR ELA 1R 2
TOO 7 S AT X b DR AT TR B A A AR

SVR™ . —Fh B 2 5] J vk . R 26 S 4R 1) o L 3k
FmE,

LSTM™,
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ConvLSTM"™, i 45 LSTM 1) — 49" J&. e M
CNN Fl LSTM 43 51| % 25 [] F1 Esf [1] 4 AH 56 PR AT Al A% .

DCRNNM . g H 9 B B 45 B 4% Al & T seq2seq 1)
GRU X 22 3 [ 7 51 40 4F 47 00

ASTGCN™ ;3 3 25 i) 7 78 ML il 0 BsF 8] 32 7 AL 7 oA A
8025 [ R B 18] ) Bl A A DG M

STSGCN™ . & T —Flopr it % BUz 8, n] LA W] I 4
BRI 23 AH e

WATR B4 %% 22 (MAE, mean absolute error)
PEBERL (B2 R4, SR J7 iR 22 (RMSE, root mean
square error) Fl MAE YR EM 4R, BARAXNT .

MAE = -3V o 4|
=2,

MME:J%ELJL—LV

4.3 XBHER5HH
BIRAT AR BB 5 DL | v 45 B fE Divey (S) Al Divvy
(L) MU ERE EIATXATEL . SEIRZs ANk 1 MIZk 2 s,

RNN ) —FhAg A, T i 18] 7 51 300 9 1

(5)

(6)

F 1 RREBRALE Divey(S) b Y T 45 3R % 1 (Q1-Q4)
) MAE RMSE

Rk Ql Q2 Q3 Q4 Ql Q2 Q3 Q4
SVR 0.327 0.274 0.418 0. 440 1.231 0. 624 1.523 1.792
LSTM 0.293 0.251 0.352 0.543 0. 883 0.584 1.237 2.473
ConvLSTM 0.137 0.115 0.254 0.273 0.496 0.731 1. 201 1. 147
DCRNN 0.051 0.033 0.088 0.093 0.241 0.172 0.403 0. 380
ASTGCN 0. 045 0.050 0.053 0.068 0. 160 0.150 0.209 0.325
STSGCN 0.052 0.046 0. 044 0.057 0.195 0.198 0.116 0.276
A% S 0.033 0. 047 0.039 0.038 0.130 0.170 0.184 0.142
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# 2 ARBERFE Divey (L) b A0 &5 5% H (Q1-Q4)
MAE RMSE
Rk - -
Q1 Q2 Q3 Q4 Ql Q2 Q3 Q4
SVR 0.332 0.271 0.423 0.438 1.379 1.049 1.878 1.577
LSTM 0. 289 0.246 0. 359 0.541 0. 881 0. 897 0.774 2.473
ConvL.STM 0.133 0.103 0.247 0.277 0.496 0.731 1.121 1.487
DCRNN 0.052 0.034 0.090 0.089 0.192 0.153 0.268 0.405
ASTGCN 0. 055 0.052 0. 049 0.072 0.281 0.241 0. 206 0.343
STSGCN 0. 049 0.048 0. 044 0. 059 0. 230 0.183 0.224 0.283
AR SO 0.026 0.038 0.028 0. 030 0.119 0.134 0.109 0.133
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