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Abstract

With the development of Chinese cities, the concept of sharing economy has gradually been inte-
grated into people’s lives. New concepts such as shared bicycles, shared cars, and shared power
banks are constantly changing everyone’s living habits. Mobike, Meituan and other well-known
sharing bicycles companies have become representatives of green travel, health and environmen-
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tal protection since their establishment. However, problems such as excessive delivery of bicycles,
potential safety hazards, and management confusion have aroused the concerns of bicycle-sharing
managers, which also affects the operation and profitability of each sharing company. After col-
lecting the data in real time, such as time of day, season, weather, temperature, humidity, and
wind speed, this research constructs some new discrete variables which are more in line with the
use of bicycle sharing scenarios. After feeding the data into different machine learning and deep
learning models, they achieve accurate prediction of bike-sharing demand in cities; also R square,
MSE, RMSE and other metrics are used to evaluate prediction effectiveness of all the models. Based
on the prediction results, bicycle sharing companies’ managers can deliver the appropriate num-
ber of bicycles reasonably and reduce waste.
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Figure 1. Frequency distribution graph of variable “count”
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Figure 3. Correlation matrix of continuous variables
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Figure 4. Frequency distribution graph of variable “humidity”
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Figure 5. Frequency distribution graph of variable “windspeed”
[E 5. T*E “windspeed” HOSRERSFE
TR HACE, AT DRSS IR RS 0 Hrid 22 R SEBRTS DUME B AL B, ] 6 . alid
SR AR AL B B AT 42 S P AR 0L, BATRILLEA 7~9 s R 16~19 s Hl 7 X 3L 52 B2 g1
R SR AR S R, T A TR B 3t R A R R A R . B, AT E T AN E AR E
“hour_categori” , ¥ 7~9 ri. 16~19 SAE AR EIEH, AR EAEARIN .

500
|

400 I

|
]
]
(]
[}
-*.n..

01234567 891011121314151617181920212223
hour

300

count

20

o

10

o

o

Figure 6. The usage of shared bicycles at different time periods
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FEGENLas 2 ISR A AL T R MRS, SVM BRI DL K SR R IR, HLFT A AR GibLas 2 ST A0
W Sklearn HL2s 2SI AL[17]HE4T 5256, 45 %1% 1 Fi~. Random Forest. Bagging il Xgboost 54 i 2%
IR AL G FE R square S48 1 0.9, BB ENARCRIRGE . I HE AT MSE $414E 0.16 247, RMSE #£
0.41 /i, FHXTBARKIRZ G TR R 47, SR1f7, SR 24 Adaboost £ SVM IR LA LE %
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Table 1. Evaluation of traditional machine learning models

= 1 fRGHERF SRELTE

R square MAE MSE RMSE MAPE

LinearRegression 0.6648 0.6292 0.6567 0.8104 0.1475
SVM 0.6577 0.6269 0.6707 0.8190 0.1453
RandomForest 0.9130 0.3008 0.1705 0.4129 0.0932
Adaboost 0.6913 0.6357 0.6048 0.7777 0.1678
Bagging 0.9134 0.2995 0.1696 0.4118 0.0915
Xgboost 0.9207 0.3011 0.1554 0.3943 0.0787
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Table 2. Evaluation of ANN models
2. NI HEMEERRE

e = 4 P TTHE R square MAE MSE RMSE MAPE
1 40 0.9257 0.2808 0.1455 0.3815 0.0693
1 60 0.9134 0.2904 0.1598 0.3997 0.0718
1 80 0.9252 0.2783 0.1381 0.3717 0.0668
1 100 0.9222 0.2966 0.1435 0.3789 0.0720
2 40 0.9258 0.2805 0.1454 0.3813 0.0776
2 60 0.9204 0.2766 0.1470 0.3834 0.0656
2 80 0.9071 0.3152 0.1715 0.4142 0.0774
2 100 0.9211 0.2862 0.1455 0.3815 0.0684
3 40 0.9330 0.2610 0.1313 0.3623 0.0680
3 60 0.9163 0.2981 0.1546 0.3932 0.0687
3 80 0.9102 0.2936 0.1657 0.4070 0.0703
3 100 0.8958 0.3249 0.1923 0.4385 0.0782

P 0.9180 0.2901 0.1534 0.3911 0.0712

TR 2 MSRIREs R, BEEEZE AT BENIEM, R square HBHTHE NS, HABMAFY
PEREILF] 91.80%. HEAk b HAEGHL A I R square oK RORILAEE LT, FFE, MAE. MSE
HTRMSE 56 75 #4128 I 2% 5 2% B2 R B oslc /s o 48002 24 ANN [RS580UZ 8056 T 3, & o8& T 40 1)
I, 3% BB AR B AIRAS 2521 |, MAE (0.2901) MSE (0.1534).RMSE (0.3911) 1 MAPE (0.0712)
WAL GRS IR PP AL S 4R /I o 28 b, 78 B ISR MR BE 2% 2] ANN B ZE [R1 S Pl H A £
AL R .

[FFE, Keras H AT H T#49i& LSTM B, O 7 J7{5 ANN BEATXSEE, SEZG ) LSTM R ALK x4l
AT ANN FH [ () Bl ZHORsi £ e 8 . R square, MAE, MSE, RMSE il MAPE th£: 4 F S P it B 74
FIRCR . LSTM [ [l E5 R an+e 3 s

Table 3. Evaluation of LSTM models
3. KB IZHE M EERIT(E

R = £ PR TLEE R square MAE MSE RMSE MAPE
1 40 0.9213 0.2834 0.1452 0.3811 0.0765
1 60 0.9352 0.2368 0.1197 0.3459 0.0616
1 80 0.9202 0.2773 0.1474 0.3839 0.0722
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Continued

1 100 0.9289 0.2601 0.1312 0.3622 0.0649
40 0.9207 0.2623 0.1463 0.3825 0.0661

2 60 0.9268 0.2609 0.1351 0.3675 0.0698
2 80 0.9252 0.2610 0.1380 0.3715 0.0654
2 100 0.8985 0.3047 0.1875 0.4330 0.0715
3 40 0.9240 0.2652 0.1403 0.3746 0.0639
3 60 0.9222 0.2673 0.1436 0.3789 0.0658
3 80 0.9249 0.2720 0.1386 0.3723 0.0689
3 100 0.9181 0.2893 0.1511 0.3887 0.0756
FEME 0.9222 0.2700 0.1437 0.3785 0.0685

X FE AN B S ST G TR 45 A B, EAR ANN 5 LSTM RIUAEH T, (AIERH L
P26 52 24 FE TR o, LSTM (R BILEL ANN BE It AR e . ali ik %2 3 I 01, R square [-FII(E 2 RHFFTE 0.9222
17K>F, MAE, MSE, RMSE 1 MAPE th A< HILKIEE T S) . mZ&-FI4ME N MAE (0.2700). MSE
(0.1437). RMSE (0.3785)#1 MAPE (0.0685). Jii RS T Gehlas 7 I B, RZ L ANN A5
ANo ST E R A(F A BENEGE, LSTM EI F, SRS S, FmeHEEeH LSTM
X PP AR AT AN LU ANN SRS AT AL
5. B4

IN=A

FEIFRERENTRE, AFFRE 7T RAARRE OIS I8, HZ, RS R
MRS WOESFAT R ZRR, AT S R SR MG I T . X LEASRIR AL RO, SR R BoR
P GE MR 2 ST T AR B 2 ST RAE T B IR AP AOCR,, b IR 2 SR DU AR, AEAN R AR
SHCMRIAA WA E IR A R EARRMBITE, 7] DI 2 A R R SR S £ (n: 2 A5
B G, SR A R R IEREA TR R 25 o PRZAN 5] 28 2 1 2 8 o A 2R TR0 v P52 (1 52
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