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Spatiotemporal Demand Prediction of Bike—sharing
Based on AM-LSTM Model
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Abstract: In order to accurately predict the demand for bike—sharing in different regions of a city and solve the
problem of imbalance between supply and demand, the travel distribution law of bike—sharing in Shanghai were stud-
ied based on the visualization analysis of spatio—temporal characteristics. In view of the non—strict periodicity of time
travel distribution, Attention Mechanism was introduced into the Long—short Term Memory (LSTM) network to build
a demand forecasting model named AM-LSTM. Spearman correlation analysis method was used to analyze character—
istic influencing factors and extract model characteristic values. The prediction models of different input sequences
were constructed and compared with the traditional time series prediction models. The results showed that the input
sequence with a time interval of 30 min had a higher prediction accuracy. AM—LSTM model can better predict the
travel demand of bike—sharing,and the prediction accuracy was higher than that of the single LSTM model. Finally,
the correlation analysis of the prediction curve was conducted to verify the prediction performance of AM-LSTM
model , which can provide effective information for the scheduling and distribution of urban bike-sharing.
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Fig.1 Weekly demand curves for bike sharing
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Tab.1 Data description of influencing factors
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a KA 1~4 (1:05/2 22 . /N 93« v il 42 ) e IR 22.00 36.00 28.93
b 2 0~6 (0: & —;1: 8 ;6. A H} IR 36.00 100.00 74.77
c /N 0~23 {(0:0 B3 1:1 Hif;---23.23 i) g R 0.00 29.00 14.46
d B TR 0/1 (0 AETAEH ;1. TAEH) h &y 998.60 1014.60 1 005.93
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Tab.2 Correlation coefficient matrix of influencing factors
TR a b c d e f g h
Tk 1.000 —.676%% -.381% A465%% 571 4325 — 4245 356 056
a — 1.000 003 -.039 -.019 —318%% 3040 —126%% .060%
b — — 1.000 0.000 —791%* -.004 022 -.026 013
— — — 1.000 0.000 015 -.024 046 052
d — — — — 1.000 .099% -.099% 012 -.008
e — — — — — 1.000 —.625%* .140% —270%%
f — — — — — — 1.000 -.017 -.057%
g — — — — — — — 1.000 054%
h — — — — — — — - 1.000
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Fig.6  Comparison of prediction performance of different models

100
90
80
70
60
50
40
30
20
10

0

7

24 | 48
AM-LSTM1

24 | 48 [ 24 | 48 | 24 | 48
AM-LSTM | 1STM RNN

B 7 REHANF TN LR

Fig.7 Comparison of prediction results

of different input sequences

3.5.1 EE AR TALA 8 %5 vh

MAIEL 6 H 45 55 A0 I 245 SR 0 o L il 20T LU
L TEAFEE AT RN 5L AE R LT
AM-LSTM 581 {1 T 008G 5 4 5k 2 /e T-1% et (]
B TR,

¥ LSTM 5 AM-LSTM #E5%F Lb. 450 A 51
24 B, AM=LSTM [t LSTM 7 F 475K & | 1) MAPE
FEAIK T 4.23%,RMSE 1870 T 12.92; X445 AJ¥51 K
48 i} ,MAPE [%{% T 4.69% ,RMSE Ji /> T 13.78. 4%
WL, R FIHUH e A B K At 18] e 51 50 s T
DR HAL SR A3, AM—LSTM 575 fit T3 0 14 A5
BNWR AT, ARSI, AT G Y
LSTM A1 i FiliRG i e 242 5 4.69%.
3.5.2 BN AR 630

M7 T 6 ] — B, YR i A7
Gy 48 B, AT ZE R ZAR T i A P51 R 24 BFEY
FIMEE . F1hn TSTM A=Y () Fil 1 REAL T RNN, St
HIRTERI AT SR 48 B, A H ] 37 1] Fl i 45 SR %
BH,LSTM Lt RNN [ MAPE [%{K T 5.99% ,RMSE [#
T 1774, R E R R 5 T 6.85%.

X} 4 BRI S A 51 0 T 45 58 0 B mT
M, TR R AR 20 TR T N R
AT, B A TS TR A X, A e s 1) ) B A L8R
2 PHUE AT PERE T R ET X 30 min DLR AR
(i) (5] o, A A AR Y ok %) B ] ] B Al 25 o
PR M R FTC FH B B3, RIS B g
FE . DRI, RS E 30 min B8] 18] B A4 6 AT 51)
FUA Bl () TR 4
3.53 HFAER F AT R h

¥ AM-LSTM1 5 H AW T Lb. S8 AL gy



84 R R AR (A AR BE R

2020 4F

AR FE A FRE R Z B, AM=LSTM1 B9 F0 14: i
5 AM-LSTM #H L 25 R, ~F¥E s iR 245000
KE] T 31.07%F1 32.39%.

RUEEAE S AT B LS LRt 1, S5 AT 51
7 48 B, AM-LSTM1 ARG 7 il A LSTM il
RNN ¥ MAPE 433134 i T 16.10%#1 10.11% ,RMSE
BT 36.55 1 18.81. iX F B S MUK 5| AH
ASRETRAMEFAE PR R TR0 P RE s, E—25
R T PN 75 ey 5 ) R R AR (i A i

ZE LA, MEAFSIN 48 B, LIESE 1STM
BRIy, 5 | AR AL, R il G s P
FHE , v] DAL A FONPE AR ORI .
3.6 AM-LSTM Tl R iE

R UE AM=LSTM #5580 (A7 %t , B8 e 31 K /)N
g 48 B AR B i AN R e | %o | g
PP I DX T B A () R SR R A TR AT

i 8 iz, MR Hh A TR 25 5 -5 SEPRE Y
AL A SEA GRS, FE R, U HE R
WA R BB, TR Aty (R e ] 25 02 R AU ]
H T AL B A (il R R RRAIR, TR0 235 2R 1 IR
SELG AR R AT T AR

15k
12k
ol fbopo
= S N (8 N & IR | SENNNSRY S SO
e Ok - b Y G -oeeeee -
3k : B VN0 S . SRR, 8
0L T T T — T T
1200 1224 1248 1272 1296 1320 1344
B E] 3]
B8 AM-LSTM H:A! FRm 45 %
Fig.8 Prediction results of AM-LSTM
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